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In this work, the loss of insulation life such as affecting a power transformer operating under 
harmonic distortion is predicted or forecasted using the following computational techniques: 
artificial neural network, fuzzy logic and adaptive neuro-fuzzy inference system. The IEEE 
C57.91, IEEE C57.110 as well as the IEC 60076-7 loading guides regulations are used to 
estimate the transformer insulation loss of life. The transformer used in this work consisted of 
an oil type delta-wye step down with a rating of 1 MVA 11/0.4 kV located in a hospital facility's 
medium-voltage distribution substation. Previous studies that have been conducted on 
transformer insulation loss of life focused on an analysis based only on a 24-hour loading. This 
analysis is based on a medium-term period of 31 days. Since environmental temperature and 
load fluctuations with time affect daily insulation degradation rate, medium or long-term 
analysis will produce a better understanding of how the insulation of a distribution transformer 
degrades. In most of the days, the transformer has been found to be operating with windings 
hottest spot temperature of above 110°C. This was due to the effects of a higher daily average 
ambient temperatures (±32°C), including harmonics and relatively high transformer loading. 
With a transformer designed to have a normal life span of 20 to 25 years under rated conditions, 
excessive harmonics and higher ambient temperature have resulted in the reduced expected 
insulation life span. The obtained results from the proposed artificial intelligence techniques 
are validated against the results obtained using institute of electrical and electronic egineers 
and international electrotechnical commission regulation. Artificial neural network has 
produced the lowest mean absolute percentage error of 4.98% due to its ability to handle 
complex data using neurons and statistical time-series approach. Fuzzy logic and adaptive 
neuro-fuzzy inference system produced a mean absolute percentage error of 5.87% and 6.51% 
respectively due to the challenge of developing reliable fuzzy rules in a complex relationship 
between input and output data variables. A larger data quantity than the one used in this study 
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This section introduces the problematic of interaction between harmonics and distribution 
transformers. It also discusses the modern computational techniques applied to the 
prediction of distribution transformer insulation life. 
 
1.2 Background Theory 
 
Electrical power has been in generation for more than two centuries for delivery or supply 
to various types of consumers. The generation of electrical energy has made it possible for 
individuals in society to perform certain activities and make use of technological 
equipment or devices that enhance our living conditions. The reliability of an electrical 
network is of critical importance in the energy generation industry as it ensures that power 
is delivered to consumers with greater efficiency and at minimum costs. Various factors 
affect the reliability of the distribution network, and in this study, the focus will be on the 
effects of power system harmonics on distribution network transformers. Harmonics can 
be defined as the integral multiple of a distorted waveform or fundamental frequency [1]. 
The fundamental frequency of an ideal voltage and current waveform in the South African 
electrical power network is 50 Hz, which is the designed power system rated frequency. 
For a 50 Hz fundamental frequency, the distorted waveform will result in harmonic orders 
of 2nd, 3rd, 4th, 5th, 6th, 7th, etc. with respective harmonic order frequencies of 100 Hz, 150 
Hz, 200 Hz, 250 Hz, 300 Hz, and 350 Hz. The 1st harmonic order is the fundamental 
frequency or a pure sine wave and the rest of the harmonic orders are integral multiples. 
In the distribution network, the load consists of various equipment that utilizes the 
electrical energy for functional purposes. Some of these connected load equipment or 
devices have a negative effect on the power quality of a distribution network. Power 
quality needs to be maintained at a specific level to ensure that there is continuous 
reliability of energy supply to the load. The allowed maximum total harmonic distortion 
(THD) for a 400 V AC electrical network is 5% [1]. The AC power system source produces 




point of generation [1]. This distortion is usually ignored due to its low content. The 
equipment or components connected to the load can be classified as linear loads or non-
linear loads. Linear loads are purely resistive, a pure sine wave and the voltage applied to 
them follow ohm’s law, and the relationship of voltage, current follows a straight line, and 
therefore waveform does not get distorted. Non-linear loads change the impedance of the 
voltage applied to them and therefore distort the applied sinusoidal current, which results 
in harmonics [2].  
 
A distorted waveform is a sum of pure sine waves resulting from the integer multiples of 
the fundamental frequency, which is per a Fourier Analysis definition [2]. Over the past 
few decades, there has been an increase in the development and production of electronics 
technological devices. These devices are made up of semiconductor material that makes 
them the main sources of harmonic on the load. The devices that are comprised of 
components that causes harmonics may be classified as Inverter AC Drives, Phase 
Controllers, AC Regulators, Arcing Devices, Semiconductor Based Power Supply System 
and Thyristor Controlled Reactors [2]. Harmonic distortions are of greater concern in the 
energy industry due to their effects on various equipment that makes up the electrical 
power network. Harmonics can cause unbalancing of three-phase systems, excessive 
neutral currents, communication system interference, overheating, overloading, motor 
vibration, low power factor, and capacitors failure. [3].  
 
A distribution transformer is one of the most vital equipment since it is responsible for 
transforming (AC current and voltage) and delivering power to the load at a desirable level. 
Harmonic have been identified as one of the major contributors to distribution transformer 
failure [3]. Transformers are manufactured to operate at a rated frequency [4], and the 
presence of harmonics interferes with their intended designed normal operational 
condition. Distribution transformers have experienced unexpected failures or shorter life 
span because of harmonic distortions that occurred without being noticed. The failure can 
also occur due to the modifications that were made on the electrical networks such as an 
extension of the facility to or additional non-sinusoidal load devices or components. These 
modifications can result in a sudden increase of harmonic voltages and currents due to the 
additional of non-linear loads. If no proper load analysis is made during the cause of load 
modifications, transformers are likely to be negatively impacted by these changes. These 




there is a rapid increase and adoption of new power electronics semiconductor controlled 
devices. 
 
Power system harmonics in the electrical distribution network causes an additional 
increase in oil-immersed transformer copper losses, eddy and other stray losses [5]. These 
losses occur in various parts of the transformer such as tank walls, core, and windings due 
to the electromagnetic flux [5]. An increase of these losses causes an increase in 
transformer heating/temperatures. An increase in the losses associated with the transformer 
is directly proportional to the increase in transformer heating. The affected transformer 
temperatures due to increased losses are top-oil temperature (TOT) and hottest-spot 
temperature (HST).  
 
An increase in TOT and HST above the normal rated safe operating values will result in 
the accelerated degradation of insulation paper. This phenomenon in the power energy 
industry is referred to as ‘Insulation loss of life [6, 7]. An insulation paper in an oil-
immersed transformer serves important functions of, mechanically supporting the 
windings, serving as a cooling duct for oil, and it serves as a dielectric insulating material 
[5]. An insulation paper has a designed life span, which a transformer can operate 
efficiently until it loses its strength i.e. the transformer insulation degradation breaking 
point is expected to be reached within the designed period. The insulation paper slowly 
loses the ability to serve its intended functions because of excessive thermal and electrical 
stresses. The degradation of insulation paper can be escalated due to the nature of the load, 
which the transformer is supplying power i.e. causing increased insulation loss of life. It 
is of critical importance for the load to be monitored on a regular basis to avoid unexpected 
transformer failure.  
 
An oil-immersed distribution transformer insulation has a designed expected life span of 
180 000 hrs [6]. This applies when a transformer is subjected to continuously operate 
within the HST of 110°C [6, 7]. Continuous operation of HST beyond 110°C will result in 
accelerated degradation of the insulation paper. An insulation degradation is also expected 






1.3 Problem Statement 
 
The harmful effects of distorted voltages and currents on distribution transformers often 
go unnoticed until the actual fault or failure occurs. In some instances, distribution 
transformers that have operated satisfactorily for long periods have reached a point where 
failure occurs in a relatively short time when the facility's electrical system was 
reconfigured and the load was changed. When these changes occur, the effects of new 
electronics controlled devices and other non-sinusoidal devices on the load is often 
ignored. Overloading of a power transformer beyond its maximum allowed threshold over 
a long-term period also pose a threat to its failure. The failure of the transformer in this 
study does not necessarily mean the entire equipment failure, but rather an ‘insulation 
failure'.  
 
Studies have shown that the presence of harmonics is the electrical system contribute to 
the accelerated degradation or reduced life span of a distribution transformer insulation. It 
is therefore important to consider harmonics when analyzing the effect of load on the 
transformer insulation to obtain a reliable result. 
 
Analysis of load and application of prediction techniques in this study will assist in 
addressing the impact of power systems harmonics on the transformer insulation. It is 
therefore essential to accurately predict insulation lifetime of a distribution transformer 
given system harmonics. Accurate estimation will assist in implementing necessary 
prevention measures to mitigate the effects of harmonic in the distribution transformer. 
The application of Artificial Intelligence (AI) techniques in this study to predict future 
outcomes of insulation loss of life is an effort to adapt to modern computational models in 
predicting the electrical equipment failure. 
 
1.4 Scope of Work 
 
The scope of work entails predicting the insulation loss of life of an oil-immersed 
distribution transformer under harmonic load conditions using IEEE and IEC standards, 
and computational techniques (artificial neural networks, fuzzy logic, and adaptive neuro-





Harmonic load data is recorded from an oil-immersed distribution transformer in a hospital 
facility of rating; 1-MVA 11/0.4 kV ONAF. A Fluke 1735 power logger has been used in 
recording the logging session of the harmonics load. The transformer is in an indoor 
substation and thereof the ambient temperature data was corrected, as it is one of the most 
influential factors in analysing the insulation degradation. Another important required 
information is the transformer test report, which is obtained from the manufacture of a 
transformer. Contained in the test report is the transformer rated losses that were obtained 
during the testing. The transformer losses play a crucial role in understanding their impact 
on the insulation loss of life. The main proposed regulation standards applied in this study 
are, IEEE Std.C57.110, IEEE Std.C57.91 and IEC 60076-7 [6-8]. These standards contain 
the mathematical formulas and models required in assisting in calculating the insulation 
loss of life for a transformer.  
 
The proposed AI techniques to be applied in the prediction of future insulation loss of life 
are Fuzzy Logic (FL), Artificial Neural Network (ANN), and Adaptive Network-Based 
Fuzzy Inference System (ANFIS). These techniques are knowledge-based, and can be 
trained to make databased decisions of the expected outcomes. These modern techniques 
are added in this study to find if they can be relied on in predicting the electrical 
engineering equipment failure give that proper data analysis has been made to have inputs 
that will produce the expected output. The applied software package for the simulation of 
these AI techniques is a MATLAB Mathworks R2017a.  
 
1.5 Aim and Objectives 
 
1.5.1 Aim  
 
The aim of this work is to predict distribution transformer insulation loss of life under 










• To collect harmonics load data using fluke 1735 power logger from the transformer 
panel/low voltage side. The power logger current probes and voltage clamps 
connections faces the load side to get correct readings.  
• To analyse and average recorded harmonics load data so that it becomes possible to 
utilize for transformer loading capabilities modelling. 
• To apply IEEE and IEC standards regulations for estimating of insulation loss of 
life under obtained harmonics data on a 1MVA 11/0.4kV oil-immersed distribution 
transformer. 
• To analyse results obtained from IEEE and IEC method, and perform prediction 
using FL, ANN, and ANFIS modelling techniques. 
• To build AI models using MATLAB for forecasting of insulation loss of life. 
• To perform a comparative analysis of results obtained using IEEE and IEC 
standards regulations with the ones obtained using AI techniques to validate the 
effectiveness of AI techniques. The analysis of results is based on the Mean 
Absolute Percentage Error (MAPE) obtained between IEEE and IEC regulations AI 
techniques results.  
• To discuss the impact of harmonics on the distribution transformer insulation loss 
of life. 
• To discuss the effectiveness of AI techniques in forecasting the distribution 
transformer insulation loss of life. 
 
1.6 Work Overview  
 
The work presented for this research project is divided into 5 chapters with each focused 
on its specific title subject.  
 
In chapter 1, harmonics in the electrical distribution network and its effects on a 
transformer insulation life is introduced. Also, covered in chapter one is an introduction to 
Artificial Intelligence prediction or forecasting techniques, which are applied in this study 




voltages and currents in detail, from their source of generation to their effects on electrical 
distribution transformers. Also, discussed in detail is the AI techniques proposed for 
prediction and their importance in predicting electrical transformer failure or transformer 
insulation failure. A discussion on harmonics in health facilities is also covered in this 
chapter, including the applicable standards and regulations. 
 
In chapter 3, the methods and process of data collection are discussed including the type 
data samples or variables required to achieve the project objectives. The experimental 
setup of the project is also discussed and the measuring devices utilized. Chapter 4 
discusses all the calculations based on IEEE and IEC standards to obtain the estimated 
distribution transformer insulation loss of life under non-sinusoidal loads. In addition, in 
this chapter AI models are built using MATLAB Software package to predict or forecast 
insulation loss of life based on the proposed influential dataset. 
 
The obtained results from the applied standards and AI techniques are analysed to verify 
the effect harmonics on transformer life. In addition, the results obtained using standards 
and AI techniques are compared to verify the effectiveness of AI on insulation life 
prediction based on MAPE. AI techniques results are also compared to see which 
technique was more effective in prediction. Lastly, in Chapter 5 the study is concluded 




Harmonics in distribution networks are known to have negative impacts on the connected 
equipment that make up the electrical system. Studies have shown that transformers have 
experienced unexpected failures due to the negligence of harmonics. The negligence can 
be due to modifications that were made in the electrical network that introduced additional 
new non-linear loads or just increasing of load. Even though transformers insulation is 
designed to last for many years (20 to 25) under the specified loading conditions, its life 
can be reduced due to overheating caused by an increase in losses. Monitoring of 
harmonics and implementing prevention measures can result in longer operational service 





In this study, factors that affect transformer reliability will be studied to establish an 
understanding of how they influence the deterioration of insulation. Adopting new AI 
techniques will also present an understanding of how these models can be utilized in 






































In this chapter, a literature review is discussed comprising of the theory studied for the 
achievement of the project’s objectives. Discussed in this chapter is current and voltage 
harmonic distortions in the electrical distribution network, the source of harmonics 
generation, the effects of harmonics on distribution transformers, and the prediction of 
transformer insulation loss of life. 
 
Harmonic distortions are one of the major causes of power transformers failure on 
electrical distribution networks. It is of critical importance to study harmonic distortions 
in electrical systems for the establishment of preventative measures to mitigate their effects 
on power transformers.  
 
2.2 Harmonics in Electrical Distribution Network 
 
2.2.1 Voltage and Current Harmonics 
 
Voltage and current are two important quantities that make up electrical energy. Voltage 
is the cause of Current and therefore is necessary to understand how both these quantities 
affect an electrical network when their shape is distorted. Both these quantities shape form 
become distorted when applied through a non-linear load, but their effect on the electrical 
distribution network is different level of impact.  
 
Non-linear loads that draw a non-sinusoidal current cause harmonic current distortions. 
Harmonic voltage distortions are caused by harmonic current distortions. The voltage 
source impedance determines the level in which the current harmonics will cause voltage 
harmonics. The source impedance is usually low and thus, current harmonics have little 
effect on the fundamental voltage waveform [10]. It is for this reason that there is little 




impedance. Therefore, only current harmonic distortions are considered in this study to 
analyse the effect on the electrical distribution transformer insulation life span. 
 
The impact level for both voltage and current distortion quantities on the electrical 
distribution network can be described in terms of total harmonic distortions (THD). THD 
is the measure of the amount of harmonic distortions available in the electrical system 
network. Equations 2.2.1 and 2.2.2 below show the mathematical expression of both 
current and voltage THD indices. 
 







∗ 100%  (2.2.1) 
 







∗ 100%   (2.2.2) 
 
Where 𝑇𝐻𝐷𝑉 is the voltage total harmonic distortion and 𝑇𝐻𝐷𝐼 is the current total 
harmonic distortion. The summation of squared numerator variables represents the RMS 
individual harmonic orders (𝑉2
2  +  𝑉3
2  +  𝑉4
2 + ⋯ +  𝑉𝑛
2/ 𝐼2
2  +  𝐼3
2  + 𝐼4
2 + ⋯ +  𝐼𝑛
2 ), and 
the denominator represents the fundamental RMS harmonic order value (𝑉1/ 𝐼1). The 
obtained value is multiplied by 100 percent to get the actual distorted amount of voltage 
or current occurring in the electrical system at a given time. 
 
In [11, 12, 13] two types of harmonic distortions and their effects were discussed which 
are namely odd and even harmonic distortions. It was further discussed that odd harmonics 
are the most dominant in the distribution network, and hence they are usually considered 
when performing analysis of harmonic distortions effects as opposed to even harmonics. 
The high effect of odd harmonics is due to the amplitude fluctuation of input waveform by 
10% [13]. The even harmonics are typically very small in the distribution network and thus 
they are usually their impact is ignored. 
 
Furthermore, there are recommended limits for voltage and current harmonic distortions 
in electrical system networks and both the end-user and power suppliers should be 




to monitor THD levels to ensure they do not exceed the allowed limits will assist in 
avoiding unexpected equipment failure and maintenance costs.  
 
IEEE Std. 519 standard highlighted the requirements for harmonic limits in electrical 
systems measure at the point of common coupling (PCC) [15]. PCC is where the multiple 
electrical customer loads are all connected. PCC can be at various points of the facility 
such as the main facility transformer, metering point of the entire facility load, or service 
entrance [15]. Taking measurements at these points makes it is easier to record or identify 
all the current distortions occurring at the entire institution load. PCC measurements can 
also be taken on a specific transformer supplying a section of a facility if one wants to 
make an assessment on that area. In this study, measurements are taken at a specific 
transformer designated for a specific area within the hospital facility.  
 
Tables 2.2.1 and 2.2.2 below represent the voltage and current distortion limits. 




distortion THD (%) 
V ≤ 1.0 kV 5.0 8.0 
1 kV < V ≤ 69 kV 3.0 5.0 
69 kV < V ≤ 161 kV 1.5 2.5 
161 kV < V 1.0 1.5 
 
Table 2.2.2: IEEE-519 Recommended maximum individual current distortion limits. 
Maximum harmonic current distortion 
in percent of IL 










35≤h≤50 TDD ISC/IL 
<20c 4.0 2.0 1.5 0.6 0.3 5.0 <20c 
20<50 7.0 3.5 2.5 1.0 0.5 8.0 20<50 
50<100 10.0 4.5 4.0 1.5 0.7 12.0 50<100 
100<1000 12.0 5.5 5.0 2.0 1.0 15.0 100<1000 
>1000 15.0 7.0 6.0 2.5 1.4 20.0 >1000 
 
IEEE-519 also introduces the total demand distortion (TDD) limits, which evaluates the 
impact of current harmonic distortion between the load and the electrical service provider 
at the PCC [15]. TDD can be defined the ratio of the sum of RMS values of harmonic 
currents to full-load/maximum load demand current multiplied by 100%. TDD gives a 




the entire electrical distribution system load due to its consideration of maximum load 
current demand when calculating the distortion levels. Thereof, high TDD gives an 
indication that the impact of harmonics on the load is high, as opposed to high THD, which 
does not always indicate a high level of distortions occurring in the entire system. The 
mathematical expression of TDD is shown with Equation 2.2.3 below. 
 







∗ 100%   (2.2.3) 
 
Where 𝑇𝐷𝐷 is the current or voltage total demand distortion, 𝐼𝑛
2 is the squared RMS 
individual harmonic order, and 𝐼𝐿 is the maximum demand load current. 
 
IEEE-519 standard harmonic distortions limitations are however designed to be applied 
at a point of common coupling in facilities and not in individual equipment or a portion 
of the load within the customer facility. 
 
2.2.2 Fourier Series Analysis of Harmonics 
 
A great understanding of harmonic distortions behaviour is achieved when they are 
described by means of fourier analysis. Fourier series states that any periodic function 
or a distorted waveform can be represented as a sum of sinusoidal waveforms with 
frequencies that are integral to a fundamental waveform [16-18]. Thereof, sine or cosine 
functions of a distorted waveform can be broken down into a set of simple functions 
that can be analysed individually to find a solution to the initial problem.  
 
Fourier series was first initiated and developed by a French mathematician named Jean-
Baptiste Joseph Fourier in 1822 who established that a continuous function could be 
represented through trigonometric series, i.e. representation of a decomposed periodic 
function into simple functions [18]. The Fourier series developed into Fourier analysis 
and Harmonic Analysis, which can be applied in various mathematics, and physics 
applied problems. A continuous-time Fourier series of a periodic 𝑥(𝑡) function is 





𝑥(𝑡) =  𝑎0 + ∑ (𝑎𝑛 cos (
2𝜋𝑛𝑡
𝑇
) +  𝑏𝑛 sin (
2𝜋𝑛𝑡
𝑇
) )∞𝑛=1  (2.2.4a) 
 
Where the Fourier coefficients  𝑎0, 𝑎𝑛 and 𝑏𝑛 are expressed as: 
 





     (2.2.4b) 
 
𝑎𝑛 =  
2
𝑇





    (2.2.4c) 
 
𝑏𝑛 =  
2
𝑇





    (2.2.4d) 
 
To express the distorted steady-state waveforms under harmonic load conditions of 
voltage and current magnitudes in the AC electrical system using the Fourier series, 
𝑥(𝑡) is denoted as 𝑣(𝑡) which represents voltage, and similarly, as 𝑖(𝑡) which represents 
current. Equations 2.2.5 and 2.2.6 represent the trigonometric Fourier series of a 
distorted voltage and current waveform respectively.  
 
𝑣(𝑡) = ∑ √2𝑉𝑛 cos(𝑛𝜔𝑡 −  𝜑𝑛)
∞
𝑛=1    (2.2.5) 
 
𝑖(𝑡) =  ∑ √2𝐼𝑛 cos(𝑛𝜔𝑡 −  𝜃𝑛)
∞
𝑛=1    (2.2.6) 
 
Where, =  
2𝜋
𝑇
 ; pulsation of a fundamental frequency  
 
Where, 𝑉𝑛 represents the effective RMS value of 𝑛
𝑡ℎ harmonic voltage, and 𝜑𝑛 
represent its phase shift angle. Similarly, 𝐼𝑛t represents the effective RMS value of 𝑛
𝑡ℎ 
harmonic current, and 𝜃𝑛 represents its phase shift angle.  
 
Suppose there are current harmonic distortions in an electrical system, a periodic 
trigonometric continuous-time Fourier series will be represented as in Figure 2.2.1. 
Series 1 represents a fundamental current waveform ( 𝐼1 cos(𝑛𝜔𝑡 −  𝜃1) or 1
st harmonic 
order and Series 3 represent a 3rd harmonic order ( 𝐼3 cos(𝑛𝜔𝑡 − 𝜃3). The summation 




distorted waveform ( 𝐼1 cos(𝑛𝜔𝑡 −  𝜃1) +  𝐼3 cos(𝑛𝜔𝑡 −  𝜃3)) or harmonics shown with 
Series 2.  
 
Figure 2.2.1: Continuous-time Fourier series waveform. 
 
2.2.3 Sources of Harmonics in Distribution System 
 
Over the past years, there has been an exponential increase of new power electronics 
semiconductor devices due to rapid innovations that makes up the electrical distribution 
network load. Most of these technological devices are made of material and components 
that distort the shape of a sinusoidal waveform of the applied AC voltage and resulting 
current. Unlike in the past years where harmonic distortions were only associated with 
heavy rectifiers and large frequency variable drives. harmonic emissions have become 
a norm nowadays in environments such as commercial areas, industrial areas and 
residential [19, 20]. This is mainly due to power converters in electronic devices 
connected to the load, which are non-linear in nature.   
 
The change in impedance on the electronic devices when AC voltage is applied to them 
is the main cause of distortion. The current drawn by the electronic devices change its 
sinusoidal waveform shape and thereof these devices are referred to as non-linear loads. 
Linear (purely resistive, capacitive and inductive) loads, on the other hand, have an 
impedance that remains constant when voltage is applied, and thus resulting in no 



















This study is based upon a distribution network load of a hospital facility, which 
receives 3-phase 400 V from 11/0.4kV step down MV transformers. Hospital facilities 
are comprised of a large spectrum of electronic devices on the low voltage side such as 
life-supporting equipment in the intensive care unit (ICU), theatres, high care unit 
(HCU), general wards, and other general areas. For this reason, these facilities tend to 
produce high harmonic distortion levels that need to be monitored on a regular interval. 
 
Power electronic switching devices or non-linear loads include television (TV) sets, 
scanners, computers, electronic ballast luminaires, uninterrupted power supply (UPS), 
washing machines, laser printers, variable frequency drive /variable speed drivers 
(VSD), refrigerator, programmable logic controllers (PLC), and rectifiers. [19,20]. 
Each of these devices or equipment injects different levels of distortions in the AC 
electrical system and thereof the outcome of harmonics will differ per each connected 
non-linear load. Non-linear loads can be either single-phase or three-phase, but they are 
mostly of single-phase since most of the customer-utilized equipment or devices are 
rated low voltage single-phase. 
 
In [21] it has been stated that both 1-phase and 3-phase VSD are the major sources of 
harmonic distortions in a electrical distribution networks, and discussed broadly in this 
study were the factors involved when considering system compatibility in installing 
these devices. Hospital facilities and other commercial environments make use of 
variable speed drives of which most of them control the AC motors of the heating, 
ventilation, and air-conditioning (HVAC) system. The VSD or variable frequency drive 
(VFD) in HVAC commercial and other large building applications control the 
compressors and indoor units to provide the desired demand on the load [22]. This 
varying of AC motor speed will change the magnitude of the original input voltage and 
current waveform to fit the desired output expectations and thus changing the output 
current waveform. This process is achieved when the output frequency of the VFD is 
changed by rectifying AC waveform into a direct current (DC) waveform and then 
make use of voltage pulse-width modulation (PWM) to recreate an AC waveform of 
current and voltage [21]. Figures 2.2.2 and 2.2.3 show current distortions waveforms 











Figure 2.2.3: Personal computer current distortion waveform. 
 
The most common effects of harmonic distortions emitted from non-linear loads in the 
electrical distribution network are; power losses increase, supply voltage distortion, 
overheating of electrical cables, harmonic resonance, communication interference, 
voltage dips, AC/DC dive motors failure, power cables, insulation deterioration, 
unexpected shutdowns, electrical equipment life span shortening, and transformers 
overheating. [20]. This study will broadly discuss the effects of harmonic distortions on 









































2.3 Distribution Transformer 
 
A distribution transformer is a static device consisting of two major components, which 
are the windings and magnetic core responsible for transferring power between two circuits 
using electromagnetic induction. This section will cover the effects of harmonic distortion 
on a distribution transformer; which includes, transformer losses, the rise in temperatures 
associated with the transformer, insulation deterioration, and the effect of ambient 
temperature and load on insulation. The shortened expected power transformer life span 
in a distribution system due to harmonics will also be covered, and referenced to IEEE 57-
91, IEEE 57-110 and IEC 60076-7 regulations.  
 
The distribution transformer type used for this study is of an oil-immersed three-phase 
delta-wye. A transformer of this type of configuration is widely used in distribution 
networks to step down the voltage to a level suitable for consumer usage [23]. A great 
reason for using a star/wye connection on the secondary side of a distribution transformer 
is that it offers a neutral point that works with a live phase in driving load. A neutral 
conductor provides a path for the load usage imbalance between phases back to the 
transformer [24]. Figure 2.3.1 below illustrates a simple schematic diagram for a 3-phase 













Figure 2.3.1: Three-phase step-down delta-wye (∆-Y) distribution transformer. 
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2.3.1 Transformer Losses 
 
Transformers are the highest efficient electrical equipment that makes up the electrical 
distribution network [19, 23]. A transformer can reach up to more than 99% efficiency, 
and it is, therefore, critical to ensure that the losses are kept as low as possible to 
maintain its reliability [19, 23, 25]. Losses are a form of energy dissipation or wasted 
energy that affects the overall efficiency of a transformer. The output values of the 
transformed voltage and current are always less than what is expected based on the 
turns ratio due to losses. Since a distribution transformer is responsible for transferring 
power from the primary side to the secondary side, there are losses that occur within 
the two sides. The type of losses in a transformer are no-load losses and load losses [2, 
26 – 29]. No-load losses occur because of core magnetization and load losses occur due 
to transformer loading or current. A simple configuration of a single-phase transformer 
in Figure 2.3.2 helps to understand the explanation of losses existence in the main parts 












Figure 2.3.2: Single-phase step-up transformer.  
 
The total amount of losses occurring in a distribution transformer is mathematically 
represented by Equation 2.3.1, which is the summation of no-load losses and load 
losses. No-load losses occur when the transformer is energized and is not dependent on 















current losses and other stray losses occurring in other structural parts of the 
transformers, as seen in equation 2.3.2.  
 





2𝑅) + 𝑃𝐸𝐶 + 𝑃𝑂𝑆𝐿    (2.3.2) 
 
Where  𝑃𝑇 is total transformer losses (watts), 𝑃𝑁𝐿is no-load losses (watts), 𝑃𝐿𝐿 is load 
losses (watts), 𝐼2𝑅 is copper losses (watts), 𝑃𝐸𝐶  is eddy current losses (watts), and 𝑃𝑂𝑆𝐿 
is other stray losses (watts). 
From Figure 2.3.2 it can be observed that the transformer is made up of two important 
parts namely the iron core and windings, which respectively produce iron losses and 
copper losses [4, 26, 27]. The iron core produces iron losses when AC is supplied on 
the primary side of a transformer. The applied AC magnetizes the iron core, which 
produces flux. The fluctuation of flux with respect to each half cycle of the alternating 
AC supply results in iron losses the iron core. These iron losses are referred to as eddy 
current losses and are defined based on Faraday’s law of electromagnetic flux (EMF). 
Faraday’s law states that an EMF will be induced when magnetic flux linking a circuit 
changes [4]. In this case, the EMF will be induced when flux links with the iron core, 
which produces a short circulating current, called eddy current, and thereof eddy current 
losses. Eddy current losses are also generated in the primary and secondary windings 
of a transformer due to EMF induced by alternating flux. 
 
Another form of loss that occurs in the iron core is hysteresis losses. Hysteresis losses 
occur due to molecular magnets or ferromagnetic material that makes up the core 
[25,28, 29]. These molecules are randomly oriented but when the core is energized all 
the molecules in a uniform direction. Their direction change as the flux alternates with 




thereof losses called hysteresis losses. These losses are dependent on flux due to 
energization and not transformer loading and therefore they remain constant. 
 
Winding copper losses occur because of primary and secondary winding resistance. 
As current flows in primary and secondary windings, the resistance of winding will 
result in power loss in the form of 𝐼2𝑅 [28, 29]. The magnitude of winding copper losses 
is dependent on the variation of transformer loading. Summation for both primary and 
secondary windings copper losses is mathematically expressed in Equation 2.3.3 
 
𝑃𝑐 =  (𝐼1)
2 ∗ 𝑅1 +  (𝐼2)
2 ∗ 𝑅2   (2.3.3) 
 
Where 𝐼1 and 𝑅1are primary winding current and resistance, and 𝐼2 and 𝑅2 are 
secondary winding current and resistance.  
 
Another form of load loss is called other stray losses (OSL) which occur various parts 
of the transformer such as magnetic shields, core, core plates, windings, and tank. due 
to alternating electromagnetic flux [25, 28]. 
 
Figure 2.3.3 illustrates a chart summary of the type of losses that occur is under no-load 
(iron or core losses) condition and when is it loaded (winding or copper losses). No-












Figure 2.3.3: Transformer losses summary. 
Transformer Losses 
Load Losses No-load Losses 
- Hysteresis Losses 
- Eddy Current Losses 
- Dielectric Losses 
- Windings Resistance Losses 
- Eddy Current Windings Losses 




2.3.2 Losses due to Harmonics 
 
Harmonic voltages and currents have been identified as one of the major contributors 
to power transformer failures or unexpected breakdown in the electrical distribution 
system. These distorted voltages and currents result in increased transformer losses, 
which in turn increases the temperatures. Increased losses and temperatures of the 
transformer cause accelerated degradation of insulation [27-29]. Standard IEEE Std. 
C57 .91 does not cover transformer losses increase due to non-sinusoidal loads, and has 
only considered losses in normal operating conditions [7]. Standard IEEE Std. C57.110 
has been established to determine the capability of the transformer when supplying non-
sinusoidal load currents [6]. In [4, 30] it has been stated that non-linear loads cause a 
reactive power loss in a transformer which leads to increased losses and heating.  
 
Winding eddy-current losses and other stray losses in the frequency range under 
consideration (power frequency and associated harmonics) have been identified to 
increase at a rate proportional to load current. Winding eddy current generated by 
electromagnetic flux is assumed proportional to the square of the RMS current and 
square of the frequency. However, this differs from other stray losses, which have been 
assumed by researchers and manufacturers to be proportional to the exponent of 0.8 of 
the RMS current and frequency [6]. 
 
Therefore, given eddy current losses under rated conditions of a transformer, the eddy 
current losses due to harmonic distortion will be expressed as in Equation 2.3.4 [6].  
 







2   (2.3.4) 
 
Where𝑃𝐸𝐶  is winding eddy current losses (watts), 𝑃𝐸𝐶−𝑅 is winding eddy current loss 
under rated conditions (watts), 𝐼ℎ is RMS current at harmonic “h” (amperes), 𝐼 RMS 
load current (amperes), and ℎ2 represents an increase in winding eddy current losses in 





An increase of other stray losses in the transformer due to non-sinusoidal current can 
be expressed as in Equation 2.3.5. These losses are only considered for oil/liquid 
immersed transformers, and not on dry-type transformers [6]. 
 







0.8   (2.3.5) 
 
Where 𝑃𝑂𝑆𝐿−𝑅 represent the winding eddy current loss (watts) under rated conditions, 
𝐼ℎ is RMS current at harmonic “h” (amperes), 𝐼 RMS load current (amperes), and ℎ
0.8 
represents the losses due to bus bar connections, structural parts and tank, which is 
proportional to the harmonic frequency to the 0.8 power.  
 
Another important factor to consider when determining the capabilities of a transformer 
to supply load when under harmonic load condition is the harmonic loss factor [6]. 
Harmonic loss factor for both eddy winding losses and other stray losses is considered 
to get the additional losses that occurred in a transformer due to heating caused by non-
sinusoidal loads. The harmonic loss factor represents the effective RMS heating caused 
by non-sinusoidal load currents. Harmonic loss factor (for eddy current and other stray 
losses) is multiplied with the rated transformer losses (eddy current and other stray) to 
get corrected additional losses caused by the non-sinusoidal current. The corrected 
losses help to determine the top-liquid rise temperature due to harmonic distortions. 
Harmonic loss factor for winding eddy current losses and other stray losses can be 
mathematically expressed as in Equation 2.3.5 and 2.3.6 respectively. Equation 2.3.7 
illustrates the corrected load losses when a transformer is under non-sinusoidal load 
conditions. 
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Where 𝐹𝐻𝐿 is harmonic loss factor for eddy current losses, 𝐹𝐻𝐿−𝑆𝑇𝑅 is harmonic loss 
factor for other stray losses, 𝐼ℎ is RMS current at harmonic “h” (amperes), and 𝐼1 RMS 
fundamental load current (amperes).  
  
Table 2.3.1 shows an example of the normalized harmonic order current to RMS 
fundamental current obtained from recorded load data. From this table, values of 
harmonic loss factor of eddy current losses and other stray losses can be obtained by 
dividing summation of column five with a summation of column three, and dividing 
summation of column seven with a summation of column three respectively. This gives 
a clear indication of how Equations 2.3.5 and 2.3.6 can be solved. 























1 1,00000 1,000000 1 1 1 1 
3 0,34056 0,115982 9 1,043835131 2,408224685 0,279309948 
5 0,16517 0,027282 25 0,682038546 3,623898318 0,098865534 
7 0,09115 0,008308 49 0,407116074 4,743276394 0,039409471 
9 0,01363 0,000186 81 0,015046907 5,799546135 0,001077349 
11 0,01078 0,000116 121 0,014058559 6,809483128 0,00079117 
13 0,00568 0,000032 169 0,005455635 7,783137122 0,000251254 
15 0,01033 0,000107 225 0,024018542 8,727161387 0,000931616 
17 0,00211 0,000004 289 0,001281862 9,646263856 4,27861E-05 
19 0,00340 0,000012 361 0,004180778 10,5439389 0,00012211 
       
  1,1520  3,1970  1,4208 
 
Equation 2.3.2 becomes Equation 2.3.7 when corrected to reflect losses due to harmonic 
distortions. Therefore, Equation 2.3.7 illustrates load losses when a transformer is under 
non-sinusoidal load conditions.  
 
𝑃𝐿𝐿 = 𝑃 +  𝐹𝐻𝐿×𝑃𝐸𝐶 +  𝐹𝐻𝐿−𝑆𝑇𝑅×𝑃𝑂𝑆𝐿  (2.3.7) 
 
Where 𝑃𝐿𝐿 is the load loss (watts), 𝑃 is the I2R loss portion of the load loss (watts), 𝐹𝐻𝐿 




loss (watts), 𝐹𝐻𝐿−𝑆𝑇𝑅 is the harmonic loss factor for other stray losses, 𝑃𝑂𝑆𝐿 and is the 
other stray loss (watts) 
Table 2.3.2 shows the corrected losses reflecting increased losses beyond rated losses 
occurring in the transformer due to harmonic distortions. The harmonic multiplier 
values are harmonic loss factor values of eddy current losses and other stray losses. 
Table 2.3.2: Tabulated harmonic losses. 








No-load 3066 3066  3066 
𝑰𝟐𝑹 8400 7010  7010 
Winding eddy 1313 1096 2,8444 3117 
Other stray 2495 2082 1,2404 2583 
Total losses 15274 13254  15776 
 
2.3.3 Transformer Temperatures 
  
The discussed additional transformer losses (watts) in the previous section due to 
harmonic distortions is directly proportional to temperature increase in its various parts. 
The higher the load is connected on the transformer secondary side the more heat will 
be generated inside due to the linear relationship between these variables [8]. Losses 
are dissipated as heat or loss of energy, and therefore this additional heat loss will add 
up to the existing heat inside the transformer to result in increased temperatures. This 
excessive or increased heating is the major effect of transformer operational reliability 
and life span. A transformer is designed to operate within specified loading limits and 
exceeding these limitations beyond acceptable levels will result in the increased or 
accelerated degradation due to temperature rises [6, 7]. Thus, the thermal capability of 
the transformer insulation can only maintain a reliable functionality if the temperatures 
of the core and windings are within or not exceeding the designed limitations.  
Although the cooling oil of a distribution transformer serves an important function of 
keeping the transformer temperatures within acceptable limits; overloading and having 
excessive non-linear loads will produce high temperatures, which can be difficult for a 
cooling oil to reduce. The inability for a cooling oil to reduce the excessive temperatures 
to a level that allows for a designed continuous safe operation will result in the 




Standard IEEE Std. C57.91 covers all types of temperatures associated with a 
transformer, their limitations and the impact they have on the insulation paper, which 
is the determining factor of transformer life span [7]. Since this study is based on 
determining transformer insulation life, the main temperatures associated with 
modelling of a transformer life span are top oil temperature, hot spot temperature and 
the surrounding ambient temperature/ room temperature [6, 7, 31]. A coil hot spot or 
hottest spot temperature, which is the ultimate insulation life-determining factor, is 
simply an absolute maximum temperature present in the transformer, which is located 
towards the top of a transformer.  
 
In [32] various past and modern methods of measuring or obtaining the transformer top 
oil and hot spot temperatures have been discussed with their pros and cons. The ambient 
temperature, which is another insulation loss of factor influential factor, is quite simple 
to obtain since one only needs to have a thermometer to read and log-in temperature 
values in a substation room. 
 
The latest editions of IEEE and IEC Loading Guides [6, 7] presents the modern trusted 
methods, which are being used throughout the power industry to determine the 
transformer windings hottest spot temperature. These guidelines are constantly being 
revised with time to improve the reliability of transformer hottest spot calculations, and 
therefore new editions are published after a certain time. This is mainly due to research 
developments, which discovers that some of the assumptions made values to obtain the 
hottest spot are not accurate enough to achieve highly accurate results. In this study, the 
latest versions of the IEC and IEEE standards guidelines have been applied. These 
standards provide guidelines to calculate transformer top oil and winding hottest spot 
temperatures by means of using mathematical formulas and software-based models. 
The input data for determining the hottest spot temperature can be obtained from the 
manufacture transformer test report, and the load can be directly measured from the 
transformer secondary side. 
 
One of the widely used models in IEC and IEEE Loading Guide standards is the thermal 
model, which explains temperature distribution and the relationship between different 
temperatures in the transformer. In Figure 2.3.4 thermal model assumes that top-oil 




increases linearly from bottom to top. The temperature difference between top oil and 
a hot spot at the top of the windings is given by𝐻𝑔. The hot spot temperature rise is 
higher than the conductor temperature rise at the top of the windings due to the increase 














Figure 2.3.4: Transformer thermal diagram.  
 
Harmonic distortions due to non-linear loads in the electrical distribution system will 
cause an increase in the hottest spot temperature inside the transformer [6, 27, 28]. 
Modern distribution transformers are designed to operate on a safe hottest spot 
temperature of 110°C, which has an ageing acceleration factor of 1 per IEEE Loading 
Guide [6, 7]. Therefore, at 110°C, a transformer insulation paper will age at a rate of 
normal designed expected life span. Anything beyond a temperature of 110°C will 
cause an accelerated ageing factor of transformer insulation. A transformer can operate 
at the hottest spot temperature of up to 140°C, over a short-term period under 
emergency conditions since at this temperature value, the rate of insulation 
deterioration is very high. Not all transformers are designed to operate safely at the 
hottest spot temperature of 110°C, some are designed to operate safely continuously at 
the hottest spot temperature of 95°C [7]. This value is dependent on the transformer 
rated temperature rise over ambient temperature value. The values for temperature rise 
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for the hottest spot temperature of 110°C [7]. The transformer used in this study has a 
rated temperature rise above ambient of 55°C [7]. 
 
The hot-spot temperature depends on ambient temperature, top-liquid rise over ambient 
temperature and hottest-spot conductor rise over top liquid temperature as shown in 
Equation 2.3.8. The ambient temperature, which is the temperature of the air 
surrounding a transformer, is recorded inside the substation room. Equation 2.3.8 is 
used to obtain hot spot temperature. 
 
    𝜃𝐻= 𝜃𝐴 + 𝜃𝑇𝑂 + 𝜃𝑔    (2.3.8) 
 
Where 𝜃𝐻  is the hottest spot temperature (°C), 𝜃𝐴 is ambient temperature measured in 
the transformer room (°C), 𝜃𝑇𝑂 is top liquid rise over ambient temperature (°C), and 𝜃𝑔 
is the hottest spot conductor rise over top liquid temperature (°C).  
 
Equation 2.3.9 or 2.3.10 is used to determine the top-liquid rise over ambient 
temperature [6]. The load losses in Equation 2.3.10 are corrected to reflect the losses 
under harmonic load current [6]. For a self-cooling ONAF mode transformer, the top 
liquid rise temperature is proportional to the total losses to the exponent of 0.8. This 
value as indicated in Equation 2.3.10 is estimated for the harmonic losses per equation 
in IEEE Standard C57.91 [6]. Table 2.3.3 shows the exponent values to be used in 
different modes of transformers. 
Table 2.3.3: IEEE-C57.91 Exponents used in temperature determination equations. 
Type of cooling m n 
ONAF 0.8 0.8 
ONAF 0.8 0.9 
Non-directed OFAF or 
OFWF 
0.8 0.9 




   𝜃𝑇𝑂 = (𝜃𝑇𝑂,𝑈 − 𝜃𝑇𝑂,𝑖) ൬1 − 𝑒
−
𝑡
𝜏𝑇𝑂൰ + 𝜃𝑇𝑂,𝑖  (2.3.9) 
 









Where 𝜃𝑇𝑂is the top-liquid-rise over ambient temperature (°C), 𝜃𝑇𝑂−𝑅 is the top-
liquid-rise over ambient temperature under rated conditions (°C), 𝑃𝐿𝐿 is the load loss 
(watts), 𝑃𝐿𝐿−𝑅 is the load loss under rated conditions (watts), and 𝑃𝑁𝐿 is the no-load 
loss (watts). 
 
Equation 2.3.11 or 2.3.12 is used to determine the hottest-spot conductor rise over 
top-liquid temperature [6]. 
 
   𝜃𝑔 = (𝜃𝑔,𝑈 − 𝜃𝑔,𝑖) ൬1 − 𝑒
−
𝑡
𝜏𝑤൰ + 𝜃𝑔,𝑖  (2.3.11) 
 
   𝜃𝑔 =  𝜃𝑔−𝑅 × (






Where 𝜃𝑔 is the hottest-spot conductor rise over top-liquid temperature (°C), 𝜃𝑔−𝑅 is 
the hottest-spot conductor rise over top-liquid temperature under rated conditions (°C), 
𝐹𝐻𝐿 is the harmonic loss factor for winding eddy currents, and 𝑃𝐸𝐶−𝑅(pu) is the per-
unit winding eddy-current loss under rated conditions. 
 
2.4 IEEE and IEC Insulation Life Equations 
 
Covered in guidelines IEEE Std. C57.91-2011 and IEC 60076-7 are equations used to 
calculate the percentage loss of transformer insulation of life [7, 33]. Equation listed in 
this section is utilized when one has obtained the hottest spot temperature of a 
transformer. The hottest spot temperature is the most controlling factor in insulation 
ageing or deterioration for both distribution and power transformers [7].  
 
One of the most important parameters to measure the degree or rate at which the 
transformer insulation is deteriorating or degrading is the ageing acceleration factor 
(𝐹𝐴𝐴). 𝐹𝐴𝐴 clearly shows how different values of hottest temperatures result in a 
different rate of insulation ageing [7]. At 110°C, the 𝐹𝐴𝐴is 1 since this temperature value 
is used as a reference, and therefore anything above this value will result in accelerated 





Blow is Equation 2.4.1 used to obtain the insulation ageing acceleration factor given a 
load profile and hottest spot temperature. 
 








    (2.4.1) 
 
Where 𝐹𝐴𝐴 is the ageing acceleration factor, 𝜃𝐻 is the winding hottest spot temperature 
and 𝐵 = 15000 which is a constant value. Table 2.4.1 shows different values of ageing 
acceleration factor in accordance with a specific winding hottest spot temperature based 
on load profile and ambient temperature data recorded in this study. From table 2.4.1 it 
can clearly be observed that the ageing acceleration factor is above 1 for the hottest spot 
temperature above 110°C and it starts to increase rapidly from there onwards. 





















0 29 106,53 0,699 0,699 
1 28 105,53 0,630 1,329 
2 27 104,53 0,567 1,896 
3 27 104,53 0,567 2,463 
4 26 103,53 0,510 2,973 
5 26 103,53 0,510 3,483 
6 28 105,53 0,630 4,113 
7 30 107,53 0,775 4,888 
8 32 109,53 0,953 5,841 
9 34 111,53 1,169 7,01 
10 35 112,53 1,293 8,303 
11 36 113,53 1,430 9,733 
12 37 114,53 1,580 11,313 
13 38 115,53 1,746 13,059 
14 38 115,53 1,746 14,805 
15 39 116,53 1,928 16,733 
16 39 116,53 1,928 18,661 
17 38 115,53 1,746 20,407 
18 37 114,53 1,580 21,987 
19 35 112,53 1,293 23,28 
20 32 109,53 0,953 24,233 
21 31 108,53 0,860 25,093 
22 29 106,53 0,699 25,792 





Another important parameter to consider when analysing the impact of hottest spot 
temperature on the transformer insulation deterioration is “Per Unit Life”. This 
parameter shows the relation between transformer per unit insulation life and hottest 
spot temperature. Per unit insulation, life also shows how the rate of ageing is 
accelerated beyond normal when the hottest spot temperature is beyond 110°C [7]. 
 
Below are equations 2.4.2 and 2.4.3 used to obtain a transformer per unit life. 
 





   (2.4.2) 
 





   (2.4.3) 
 
Where 𝜃𝐻 is the winding hottest spot temperature, 𝐴 is constant, 𝐵 is constant, and 𝑒 
is the base of the natural logarithm.  
 
Equation 2.4.4 is used to calculate the equivalent-ageing factor of transformer 
insulation over a given period. The accumulated ageing acceleration factor (𝐹𝐴𝐴) over 
a period of 24hrs is divided by 24 to find the ageing factor for that specific day [7]. 
 







    (2.4.4) 
 
Where 𝐹𝐸𝑄𝐴 is an equivalent ageing factor for the total time, 𝐹𝐴𝐴,𝑛 is ageing acceleration 
factor for the temperature that exists during the time interval ∆𝑡𝑛, 𝑛 is an index of time 
interval ∆𝑡, 𝑁 is the total number of time intervals, and ∆𝑡𝑛 is time interval h.  
 
After obtaining the equivalent-ageing factor over a given time, the next step is to 
calculate the loss of life of transformer insulation. Transformer insulation has a 
minimum designed normal life span of 180, 000 hours, which is equivalent to 20.5 
years. Therefore, the calculations of percentage loss of insulation life will be referenced 
to this 180 000 hours [7]. A transformer can operate for a normal 20.5yrs life span if it 
operates within the designed temperatures and loading limits. However, exceeding 




value of 𝐹𝐸𝑄𝐴, insulation life consumed over a time period 𝑡 is obtained using Equation 
2.4.5.  
 
%𝐿𝑜𝑠𝑠 𝑜𝑓 𝑙𝑖𝑓𝑒 =  
𝐹𝐸𝑄𝐴 × 𝑡 ×100
𝑁𝑜𝑟𝑚𝑎𝑙 𝑖𝑛𝑠𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑙𝑖𝑓𝑒
   (2.4.5) 
 
Where 𝐹𝐸𝑄𝐴 is an equivalent ageing factor for the total time, 𝑡 is time period, and 
𝑁𝑜𝑟𝑚𝑎𝑙 𝑖𝑛𝑠𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑙𝑖𝑓𝑒 is the minimum normal insulation life expectancy of 180 000 
hours.  
 
2.5 Artificial Intelligence Prediction Techniques 
 
Artificial Intelligence (AI) or Machine Intelligence can be defined as the intelligence 
demonstrated by machines that reflect that of a human being. Therefore, AI allows 
machines to be programmed using relevant data based techniques to ensure that they take 
decisions that can be taken by thinking of human beings to achieve specific targeted goals. 
In [34], a term “Computational Intelligence” as a synonym for “Artificial Intelligence” has 
been used and is defined as the study of the design of intelligent agents, in which these 
agents act in an environment and produce an output or do something. In [35] AI is defined 
as an area of computer science in which machines are created with intelligence to think 
like human beings.  
 
The above definitions of AI give a profound understanding of what this area of knowledge 
is and where it can be broadly applied. Not only does this technology help in programming 
machines to handle tasks in a much smarter way, but it also allows these machines to 
perform the designated tasks much quicker with better reliability and efficiency. Human 
beings have always been in the quest of constantly developing technology throughout the 
years to provide ease to perform or carry out various tasks. Therefore, AI presents a new 
era of highly sophisticated technology where its algorithms are utilized to solve problems 
in various fields of studies, applications, and practices. In this study, the AI algorithm 
techniques are proposed to assist in the prediction of a distribution transformer failure or 





In [36] various benefits of AI have been discussed such as; increased level of performance 
for physicians at hospital facilities using advanced computer systems, standardization of 
goods or products to meet a high level of quality, monitoring, and managing of tasks or 
activities taking place at simultaneously to reduce the possibility of losses. In [37] other 
listed benefits of utilizing AI include reduced process time and less human error, and 
financial savings due to fewer safety issues. Also, discussed in [36] are the various areas 
of application such as finance and banking sectors, manufacturing plants and medical and 
hospital facilities. Other areas in which the technology of AI can be applied include fault 
identification and prediction in engineering, diagnosing of patients in the medical industry, 
mining industry, self-driving automobiles, voice assist, and recognition, face recognition, 
and other highly advanced computational intelligence (CI) applied areas. 
 
Although there are widely recognized tremendous advantages of utilizing computational 
intelligence for the benefit of society in increased productivity and reliability, there is 
however dangers or drawbacks associated with it. After all, the technology is databased 
and it can be as good as the data used in programming algorithms for expected outcomes. 
Therefore, human errors associated with input data can result in unexpected outcomes 
which can have risks of posing danger or hazardous to human or result in outcome failure.  
 
In [36, 38, 39], a risk or drawback associated with artificial intelligence has been discussed 
which is reducing employment opportunities by replacing human subjects with intelligent 
systems. Also, stated in [38] is that only highly skilled workers will prosper in the AI or 
fourth industrial revolution era and some will be reduced to lower-paying jobs. Another 
disadvantage as stated in [36] is that it can replace human intelligence when people start 
to rely on intelligent systems to make decisions that are normally made by human 
intelligence when they start to believe that AI takes a better decision.   
 
In this study, Artificial Intelligence is applied to predict distribution transformer insulation 
life span or an electrical engineering equipment failure. This prediction is based on 
proposed AI or machine learning (ML) databased techniques that produce results or 
expected outcomes based on the trained input data set. IEEE Std C57 and IEC 60076-7 
standards are normally applied in estimating transformer insulation life span based on the 
load and temperatures data measured during a specific period. Therefore, when utilizing 




recorded at that specific time. Load and temperature values can fluctuate drastically in 
short, medium or long-term periods. AI models can cater to those changes and give an 
insulation life span estimation over short medium or long-term future period.  
 
The proposed AI statistical prediction techniques are Fuzzy Logic, Artificial Neural 
Networks, and Adaptive Neuro-Fuzzy Inference Systems. These techniques will be 
discussed below under each respective subheading. 
 
2.5.1 Fuzzy Logic 
  
Fuzzy Logic can be defined as a computational rule-based or mathematical logical 
concept that applies partial truth in solving problems. Therefore, the expected possible 
outcome of a variable may be any real value between 0 and 1 as opposed to a traditional 
Boolean Algebra Logic where the truth of a variable is either Yes or No, True or False, 
and 1 or 0. 
 
Zadeh [40, 41] first introduced fuzzy logic in 1965 with the proposal of fuzzy set theory. 
Fuzzy Logic is applied in different fields from control systems such as washing 
machines, vacuum cleaner, robots, vehicles automatic transmission, clinical 
applications, chemical applications, to artificial intelligence systems such as self-
driving cars, robots and other innovative 4th industrial revolution applications [40, 41]. 
The truth of variables or events based on a fuzzy logic concept can range at any number 
between ‘0 and 1’, where ‘0’ represents that an event may not occur at all, and ‘1’ 
represents a highest or strongest possibility of an event to occur. The fuzzy membership 
function is used to transform the input data into a scale of 0 to 1 to arrive at a conclusion 
of the possible solution when mapped to other input variables [42]. 
 
The reasoning concept of fuzzy logic is based on IF-THEN rules, IF represents the input 
data and the THEN is the output variable or a possible outcome. Since the transformer 
insulation life can be affected by various variables, those variables can be used as inputs 
to determine the output/insulation possible life span. Figure 2.4.1 shows a simple 




output relationship of variables. The input will be a "hottest spot temperature" and the 
output will be a "percentage loss of life". Therefore, for a given value of "hottest spot 
temperature" there will be an estimated outcome of a "percentage loss of life". The 
output of a fuzzy logic function is dependent upon the data analysis made prior to the 
designing of IF-THEN rules to achieve a great or accurate output value. Therefore, a 
great data analysis is required to achieve accurate results when designing IF-THEN 
rules of a fuzzy logic function or model. For an example purpose, given Figure 2.4.1, 
“Low, Med, and High” will represent the input, and its expected output will be 
"Insulation loss of life". Therefore, Low, Medium to High will be load values ranging 
from 650A and 1000A as per the recorded data. The expected transformer insulation 
loss of life is in percentage (%). Looking at a yellow line in Figure 2.4.1, it can be 
observed that it cuts through “Low” triangle and “Med” triangles, and therefore when 
the load is relatively “Low” and slightly on “Med”, the expected loss of insulation is 
1.54% based on the designed fuzzy logic rules. In this study, two inputs have been used, 
which are ambient temperature (°C) and load (A). In Figure 2.4.1 a single input-single 
output (SISO) fuzzy system has been used for the demonstration of how fuzzy logic 
functions. A fuzzy system can either be single input-single output (SISO), multi inputs-
multi outputs (MIMO) or multi inputs-single output (MISO). The degree of 
membership in which a horizontal yellow line cut is just below and just above 0.5 
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Since fuzzy logic is a rule-based model, there are two main types of fuzzy rules, which 
are; the Linguistic fuzzy model and the Takagi Sugeno fuzzy model [41, 42]. A simple 
fuzzy rule can be expressed as in Equation 2.5.1: 
 
𝐼𝑓 𝑥 𝑖𝑠 𝐴 𝑡ℎ𝑒𝑛 𝑦 𝑖𝑠 𝐵    (2.5.1) 
 
Where 𝑥 is an input linguistic variable, and 𝑦 is an output linguistic variable. 𝐴 and 𝐵 
are linguistic input and output terms or values respectively. For instance;  
 
𝐼𝑓 𝑡ℎ𝑒 𝑙𝑜𝑎𝑑 𝑖𝑠 𝑣𝑒𝑟𝑦 𝑠𝑙𝑖𝑔ℎ𝑡𝑙𝑦 𝑚𝑒𝑑𝑖𝑢𝑚 (700𝐴), 𝑡ℎ𝑒𝑛 𝑖𝑛𝑠𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑙𝑜𝑠𝑠 𝑜𝑓 𝑙𝑖𝑓𝑒 𝑖𝑠 ℎ𝑖𝑔ℎ (1.54%) 
 
For a fuzzy system of multi input-single output (MISO), a fuzzy logic rule can be 
expressed as in Equation 2.5.2. Since in this study a MISO fuzzy system has been used 
to predict the transformer insulation loss of life, the two inputs represented by 𝑥1 and 
𝑥2 are “load current” and “ambient temperature” respectively, and 𝑦 is “insulation loss 
of life”. 
𝐼𝑓 𝑥1 𝑖𝑠 𝐴1 𝑂𝑅/𝐴𝑁𝐷  𝑥2 𝑖𝑠 𝐴2 𝑡ℎ𝑒𝑛 𝑦 𝑖𝑠 𝐵  (2.5.2) 
 
Where 𝑥1 and 𝑥2 are the input linguistic variable, and 𝑦 is an output linguistic variable. 
𝐴1 and 𝐴2, and 𝐵 are linguistic input and output terms or values respectively. MISO 
can have as many input variables as possible depending on the nature of problems being 
solved. Figure 2.5.2 shows a flowchart of the proposed Fuzzy Logic Model in 





























Figure. 2.5.2: Fuzzy Logic Prediction Flow Chart. 
 
2.5.2 Artificial Neural Networks 
  
Another proposed AI prediction technique in this study is Artificial Neural Networks 
(ANN). ANN can be defined as a computational knowledge-based model that aims to 
imitate the functional concept of a human brain in taking decisions. Therefore, ANN 
learns from input data used and it can also adapt to changes to produce precise output 
or results. The layout of the relationship between input and output data is based on how 
will human beings take decisions given the problem and expected output which ANN 
is aimed to achieve.   
 
In [43, 44] ANN is defined as adaptive artificial systems that are inspired by how the 
brain of a human being functions or thinks. In [45-47]. Artificial Neural Network is 
defined as computer intelligent systems inspired by biological (human brain) 
architecture. From the above definitions, it can be clearly noted that ANN systems aim 
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McCulloch and Pitts [48] developed a mathematical based ANN model that focuses on 
performing tasks based on learning (learning rule) examples instead of programming 
i.e. it learns from previous data for future outcome prediction. The model is widely 
applied in Artificial Intelligence/Machine Learning Systems due to its back-
propagation technique that adjusts or corrects the mistake of the neuron-hidden layers 
to match the outcome/results with what was expected by the developer [46-51].  
ANN is discussed and applied in load predictions and other power engineering 
problems. Other areas of power engineering problems where ANN has been applied are 
in fault classification, power quality compensator, power factor correction, dynamic 
stability, fault detection, and fault diagnosis. [52-54]. ANN is applied in electrical load 
prediction and other electrical engineering problems due to their capability to model 
non-linear function present in the relationship between input and output variables [55, 
56]. In [57], ANN has been applied in assessing high voltage rotating machines. The 
model studies the relationship between input variables and output variables using 
neurons. The number of neurons can be adjusted to improve the performance of the 
model. It is also stated in [58] that the ANN technique has been recommended by most 
energy researches around the world. In this study, the ANN model technique is applied 
in the prediction of distribution transformer insulation loss of life. The architecture 
structure of ANN is shown in Figure 2.5.3 and it contains three different layers of 
neurons with each having a specific important purpose. The three layers that make up 
ANN structure is "input layer", "hidden layer" and "output layer". The neurons are 
connected by synapse and they perform a computational task to assign weights of the 
input for decision making of the output [59].  
The outputs from the input layer are passed on the hidden later which determines the 
output or predicted value. The input layer is fed with input data and the neuron will 
perform all the tasks of training, validation, and testing and prepare the network to make 





















Figure. 2.5.3: Artificial Neural Network Architecture. 
 
The modelling is performed using MATLAB - Mathworks Software Package. Figure 











































   
Figure. 2.5.4: Artificial Neural Network Prediction Flow Chart. 
 
2.5.3 Adaptive Neuro-Fuzzy Inference System 
  
Adaptive Neuro-Fuzzy Inference System (ANFIS) refers to an artificial intelligence 
technique that integrates both fuzzy logic and artificial neural network principles. 
Therefore, the hybridization of neuro-fuzzy result in the captured advantage of both FL 
and ANN to produce an intelligent system with human-like reasoning [60-63]. ANFIS 
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complex problems [60-63]. ANFIS maps the input data with its associated output data 
using membership function and generation of rules to produce or conclude an accurate 
expected output. In [64] it has been stated that a comprehensive study was made to 
investigate a neuro-fuzzy rule generation and it was proven that qualitative better results 
can be obtained using rule extraction and rule refinement. ANFIS technique is based on 
Takagi–Sugeno fuzzy inference system which generates fuzzy rules between input and 
output dataset [62, 64]. 
 
Like other artificial intelligence prediction techniques, an adaptive neuro-fuzzy 
inference system can be applied in various data drove fields such as economics, 
engineering, science, and many more. Given a proper data analysis is made between 
dependant (input) and independent (output) variables, ANFIS can be applied to make 
future predictions of events or operation computational based tasks. 
 
In this study, an adaptive neuro-fuzzy inference system (ANFIS) has been proposed as 
one of the AI statistical techniques to predict the insulation life of a distribution 
transformer. As stated above, the model network takes advantage of both fuzzy Logic 
and Artificial Neural Networks in solving complex problems related to parameter 
identification.  
 
The model network comprises five neuron layers as shown in Figure 2.5.5 with each 
having its own specific function that enables genuine learning the relationship between 
the input and output variables. Each layer contains neurons of the same family that 
performs the same function, e.g. layer 1 generates the linguistic membership function 
by means of the parameter set.  
 
For this prediction of transformer insulation life, ambient temperature (°C) and load 
(Amps) are proposed as the input variables to predict the loss of life (output) occurring 
in the transformer insulation. The two inputs, which are ambient temperature and load, 























Figure 2.5.5: Sugeno ANFIS technique architecture. 
 
Consider ANFIS with two inputs and one output. Two fuzzy IF-THEN rules can be 
expressed as follows: 
 
Rule 1: 𝐼𝑓 𝑥 𝑖𝑠 𝐴1 𝑂𝑅/𝐴𝑁𝐷   𝑦 𝑖𝑠 𝐵1 𝑡ℎ𝑒𝑛 𝑓1 =  𝑝1𝑥 +  𝑞1𝑦 + 𝑟1 (2.5.3) 
Rule 2: 𝐼𝑓 𝑥 𝑖𝑠 𝐴2 𝑂𝑅/𝐴𝑁𝐷   𝑦 𝑖𝑠 𝐵2 𝑡ℎ𝑒𝑛 𝑓2 =  𝑝2𝑥 +  𝑞2𝑦 +  𝑟2 (2.5.4) 
 
Where 𝑥 and 𝑦 are inputs, 𝐴𝑖 and 𝐵𝑖 are fuzzy sets, 𝑝𝑖, 𝑞𝑖, and 𝑟𝑖 are fuzzy rules 
parameters determined by the model.  
 
Below is the description of each neuro-fuzzy layer with its respective equation: 
 
Layer 1: Each node 𝑖 in this layer is an adaptive node, which generates linguistic 
membership function by means of the parameter set. Membership functions can be 
Gaussian, Trapezoidal or Triangular. The function is given by, 
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Where 𝑥 is the input to node 𝑖, 𝐴𝑖 is the linguistic label and 𝜇𝐴𝐼 is the membership 
function of  𝐴𝑖. 
 
Layer 2: Each node in this layer calculates a firing strength of a rule. The output in 
each node is the product of the input variables or signals. The function is given by, 
 
𝑂2,𝑖 = 𝑤𝑖 =  𝜇𝐴𝑖(𝑥)𝜇𝐵𝑖(𝑦),     𝑖=1,2   (2.5.6) 
 
Where 𝑤𝑖 is the firing strength. 
 
Layer 3: Each node in this layer is labeled with N. Every node is fixed for normalization 
of firing strength from the previous (Layer 2) layer by calculating the ratio of each rule 
to the sum of all rules. The function is given by, 
 
𝑂3,𝑖 =  ?̅?𝑖 =  
𝑤𝑖
𝑤1+ 𝑤2
,      𝑖= 1,2   (2.5.7) 
 
Where 𝑤𝑖, 𝑤1, 𝑤2 and ?̅?𝑖 are firing strength of each rule. 
 
Layer 4: Every node in this layer is adaptive. The resultant output is the product of 
normalized firing strength from the previous layer. The function is given by, 
 
𝑂4,𝑖 = ?̅?𝑖𝑓𝑖 = ?̅?𝑖(𝑝𝑖𝑥 + 𝑞𝑖𝑦 + 𝑟𝑖),     𝑖 = 1,2   (2.5.8) 
 
Where ?̅?𝑖 is the normalized firing strength or output of Layer 3, and 𝑝𝑖, 𝑞𝑖 and 𝑟𝑖 are 
parameter set. 
 
Layer 5: in this layer, a single node sums up inputs. The final output is produced in this 
layer from all incoming signals. The function is given by, 
 










ANFIS applies effective hybrid learning to minimize the percentage error difference 
between observed and predicted data. Input data goes through all these layers during 
training to try to produce as accurate as possible results on the output. 
 
Figure 2.5.6 shows a flow chart of an adaptive neuro-fuzzy inference system 
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Health facilities are one of the commercial buildings mostly polluted with non-linear 
loads. With the services running 24/7 every day, this implies that there is a constant 
high demand and supply of electrical power from the source to the load. Uncertain 
technical issues such as low power factor and shortened life span of transformer 
insulation can arise due to harmonics produced by non-linear loads, which distort the 
supplied voltage and current waveforms. Medical equipment, fluorescent luminaires, 
UPS, and some of the electronics semiconductor switching devices discussed in 
previous sections contribute to the formation of harmonics health facilities distribution 
networks. 
 
These non-linear loads make health or hospital facilities as an essential environment to 
monitor the levels of harmonic distortions. Monitoring can be done by taking harmonics 
load measurements on load equipment or device, PCC, and different load sections of 
the facility. 
 
2.6.2 Power Quality Issues in Hospitals 
 
In [65], power quality issues in a health facility are discussed and harmonic distortions 
were found to be the cause of poor power quality. It was further discussed in [65] that 
harmonic distortions could cause medical equipment to fail or perform below its desired 
control action. Magnetic resonance imaging (MRI), X-ray, a diagnostic imaging system 
(DIS), and computerized axial tomography (CAT) medical equipment are found to be 
one the major sources of harmonic distortions in health facilities due to their transient 
operational characteristics [65, 66]. In [66], power quality measurement recordings 
were taken in a 3-phase hospital substation for 24 hrs and results show that phase 
currents and voltages have distorted waveforms due to non-linear loads in the facility. 
The highest distortions occurred in the morning when load usage was in the highest 




maximum of 18% with a mean of 12%, whereas 𝑇𝐻𝐷𝑣 recorded low values of below 
3.5% [66].  
 
In [67] harmonic distortions were analysed in a hospital facility's 3-phase system for 
three days, and it has been found that higher harmonic distortions occur in the morning 
and at night. The high total distortions occurred at night (18:00) to early in the morning 
(08:00) due to many luminaires being switched on despite the overall demand being 
low as compared to during the day [67]. In [68] total harmonic distortions assessment 
was conducted in a hospital PCC panel supplying medical equipment in the 
Radiography department. and the results of THDs were above the required limits in the 
IEEE 519 regulation standard. The measured total distortions at the PCC was above 
62%, and the measured THDs of each machine in the radiography department ranged 
between 19.1% and 95.5% [68]. This implies that medical equipment such as DIS in 
the Radiography department is a source of large amounts of current distortions in a 
hospital distribution system. 
 
In [69], a study focused on power quality issues in a healthcare center in India, assessed 
voltage and current THDs in different site of a hospital. THDs data results showed that 
areas such as surgery outpatient department (OPD), office loads, surgery suits and MRI 
recorded distortions higher that limits in IEEE 519 standard [60]. In [70] it was stated 
that great harmonic pollution in healthcare facilities also comes from UPS, information 




From the above studies, which focused on power quality issues in healthcare facilities, 
it can be concluded that there is a great amount of concern regarding harmonic 
distortion in these facilities. Most of these facilities recorded voltage and current THDs 
above required limits in IEEE 519 standard. Therefore, analysis of harmonic distortions 
in healthcare facilities should be done over a specific period to ensure that the electrical 
system does not operate with high pollution of harmonics to avoid failure of equipment. 
A solution to excessive harmonic distortions in healthcare facilities should be the 





2.7 Data Analysis 
 
Data analysis refers to the process of collection, visualizing, inspecting, cleansing, 
classification, pre-processing and modelling of data to discovering information that can 
be useful for the intended objective or task [71]. Throughout various industries, data 
analysis and modelling has been an adopted norm for many decades. Data analysis and 
modelling can be performed for various reasons such as measuring the company's 
performances, prediction of future outcomes, and supporting critical decision making. 
Another important terminology used in the study of data is “Data Mining”, which refers 
to the extraction of data from a large or small set of data with the aim to make discovery 
or prediction [71,72, 73]. Data mining uses computational (artificial intelligence or 
machine learning) based algorithms to model the data. Data analysis is more related to 
statistical-based modelling to determine or analyse the outcomes of the business, whereas 
data mining is usually associated with rules created by analysing the relationship between 
data sets for decision making and is widely applied in computational intelligent systems. 
Both these terminologies can be used in this research project since it involves both 
statistical visualization of data and the application of intelligent algorithms. 
Data analysis can be broken down into the following steps: 
• Define a problem. 
• Decide on the type of data required based on the defined problem and desired 
solution. 
• Decide the location and methods required to collect data.  
• Collect or record data. 
• Perform data analysis. 
• Perform modelling. 
• After obtaining the results from modelling, interpret the results to check if the desired 
goals have been achieved. 
 
In [66,67], data has been defined as factual or functional information utilized as a basis 
for reasoning or analysis, E.g. qualitative or quantitative data. Qualitative data are 




In this study, the type of data applied is of quantitative form since numerical data was 
collected or recorded to be used in the modelling of distribution transformer insulation 
life. Table 2.7.1 shows an example of daily (24 hours) average numerical data form 
recorded for the utilization in modelling of transformer insulation loss of life. 
Table. 2.7.1: Quantitative data form. 



































Since this research project involves the study of data for prediction purposes, it is of critical 
importance to apply efficient strategies when selecting a combination of input (independent 
variables) and output (expected outcome/dependant variable) data sets. There must be a 




before data is used in the prediction of future events or any other useful outcome that the 
researcher might be intending to achieve, data analysis is an important task to understand 
the nature of data that one is dealing with. This helps verify if it will be useful for the targeted 
outcome or discovery. The broad-spectrum analysis of data involves the process of 
inspecting, cleansing (to get rid of unwanted information), transforming (to improve data 
quality), trend analysis, exploratory, and modelling data. Joseph M. Hellerstein [74] stated 
that data analysis is of critical importance in decision making and that the presence of 
incorrect and inconsistent can have a negative impact on the targeted results being analysed.  
 
Checking of the linear relationship between independent (ambient temperature and load) 
variables and dependant (insulation loss of life) variable can also help to identify if whether 
the proposed inputs will be useful for the desired outcome [75]. Mathematical representation 
of linear regression is shown in Equation 2.7.1  
 
𝑦 = 𝑚𝑥 + 𝑏      (2.7.1) 
 
Where 𝑚 is the slope/gradient of the line and 𝑏 is the 𝑦-intercept. 𝑚 and 𝑏 are real values. 
 
Another important factor to consider when performing data analysis is the correlation 
coefficient factor also referred to as the Pearson Correlation Coefficient. The correlation 
coefficient is denoted with the symbol ′𝑟′. The correlation coefficient is used in statistics to 
measure the relationship and strength between variables. The correlation coefficient value 
ranges between ‘1.0’ and’-1.0’, where ‘1.0’ represents a strong positive correlation strength 
and ‘-1.0’ represents a strong negative correlation strength [76]. In this study ′𝑟′ is used to 
measure the relationship strength between input variables of life and the output. This helps 
to verify if the proposed input variables (ambient temperature and load) are suitable to be 
used for the prediction of insulation loss of life. Prediction outcome accuracy can also be 
assumed by visualizing and analysing the proposed dataset. This form of data analysis also 
assists in selecting effective variables as input data for a prediction model due to the 






                    𝑟 =
𝑛Ʃ𝑥𝑦−(Ʃ𝑥)(Ʃ𝑦)
√𝑛(Ʃ𝑥2)−(Ʃ𝑥)2 √𝑛(Ʃ𝑦2)−(Ʃ𝑦)2
   (2.7.2) 
 
Where 𝑛 is a number of pairs of scores, Ʃ𝑥𝑦 is the sum of the products of paired scores, 
Ʃ𝑥 is the sum of 𝑥 scores, Ʃ𝑦 is the sum of 𝑦 scores, Ʃ𝑥2 is the sum of squared 𝑥 scores, 
and Ʃ𝑦2is sum of squared 𝑦 scores. 
 
Data clustering is another important task that forms part of data analysis to assist in 
improving modelling results. Data clustering refers to the task of grouping data in such 
a way that data showing similar characteristics belongs to the same dataset group. Each 
cluster represents a specific system behavior. If there is a weak correlation relationship 
between the inputs and output dataset, defining of IF-THEN rules of fuzzy inference 
can also become a complex task to perform. Data clustering can be used to overcome 
such a challenge by identifying data of the same nature and grouping it together. Fuzzy 
system models depend on experience learning based on generated fuzzy rules [40-42, 
77-80]. In [81-83] data clustering techniques have been used as an approach to 
forecasting electrical load consumption and reliable results were obtained. 
 
Data clustering helps estimate the number of clusters (a group of similar data) for a 
given set of data, and therefore minimizing the complexity of analyzing the relationship 
between input and output data sets. In [84], subtractive clustering has been used to 
develop fuzzy logic technique rules and the results have shown that it reduces the 
number of rules and produces better results when compared to other clustering methods. 
Other fuzzy clustering techniques in which subtractive clustering outperformed in [84] 
are k-means, c-means, and mountain. Data points must be re-scaled to [0, 1] for 
subtractive clustering, and this method can be expressed as in Equation 2.7.3 
 
𝑃𝑖









Where 𝛼 =  
𝛾
𝛾𝑎
, 𝛾 is variables, 𝛾𝑎 is a positive constant called cluster radius, 𝑃𝑖
∗ is the 
potential-value 𝑖- data as a cluster centre, 𝛼 is the weight between 𝑖- data and 𝑗- data, 
and 𝑥 is the data point.  
 
Figure 2.7.1 shows an example of three clusters (objects of the same group) resulting 










Figure. 2.7.1: Data clustering. 
 
There are also other several data clustering techniques applied in statistical data analysis 
such as mean-shift, expectation-maximization, density-based spatial and agglomerative 
hierarchical clustering [85]. 
 
2.8 Performance Results Comparative Analysis 
 
The main objective of this study is to calculate the distribution transformer loss of 
insulation life under harmonic load conditions. Two approaches have been applied with 
one using IEEE and IEC standards, and the other using AI techniques. AI techniques 
results must be validated against IEEE and IEC obtained results for performance 
comparative analysis. Therefore, to measure or validate how well artificial intelligence 
techniques have performed when compared to IEEE and IEC standards, the final obtained 







Suppose a distribution transformer insulation loss of life results obtained when applying 
IEEE and IEC standards is defined as ?̅?𝑡 and insulation loss of life obtained when using 
AI techniques is defined as ?̂?, then Mean Absolute Deviation (MAD), Root Mean Square 
Error (RMSE), Mean Square Error (MSE) and Mean Absolute Percentage Error (MAPE) 
can be defined as 
 





   (2.8.1) 
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|𝑛𝑡=1 (%)   (2.8.4) 
 
The mean absolute percentage error value obtained will determine if AI techniques can be 
optimized for the future prediction or forecasting of distribution transformer loss of 
insulation life. The mean absolute percentage error measures the prediction accuracy of 




In chapter 2, a literature review on the study of the impact of harmonic distortions on 
transformer insulation life has been covered. Harmonic distortions cause excessive losses 
inside the transformer, and thus increasing the top oil and hottest spot temperatures, which 
speed up the rate of insulation paper ageing. IEEE C57.91-2011 and IEC 60076-7 




standards contain clauses that give guidelines on how to calculate the loss of transformer 
insulation life given the load, ambient temperature, and other transformer temperatures. 
 
Also, covered in this chapter, is the proposed artificial intelligence prediction techniques, 
which can be optimized to predict the transformer insulation life over short, medium or 
long-term periods. AI offers modern precise models that can produce satisfying results 





































3.1 Introduction  
 
This section covers the experimental description of this research work, which includes the 
proposed transformer type, datasets to help in achieving the desired objective, utilized 
measuring devices, applied software, and modelling techniques. A 1 MVA 11/0.4 kV 
distribution transformer has been proposed to be used in this research work to study how 
distorted currents impact on its designed expected life span. This distribution transformer 
is in an indoor medium voltage substation in the hospital facility. Harmonic distortions 
have been identified as one of the major effects that increase the ageing acceleration of a 
distribution transformer insulation paper. 
 
Recorded current harmonic distortions spectrums from the transformer are used to 
calculate the increase in losses (winding eddy and other stray) and temperatures (top-oil 
and hottest-spot) associated with the transformer. Furthermore, the obtained results of 
increased losses and temperatures are used to estimate the transformer loss of insulation 
life. AI prediction modelling techniques are also applied to estimate the future insulation 
loss of life given the load and ambient temperature of the transformer. 
 
3.1.1 Distribution Transformer Description 
 
One of the first steps in performing this research experiment was to perform an 
investigation to identify a transformer that is supplying load to sections of the hospital 
that contained many non-linear loads. The identified transformer utilized in this 




characteristics of a 1MVA 11/0.4 kV liquid immersed transformer are shown in Table 
3.1.1. Parameters such as transformer rated losses, rated hot-spot rise over top liquid, 
and rated top-liquid rise over ambient were obtained from the transformer 
manufacturer's test report. Specified data parameters listed in Table 3.1.1 is required to 
assist in modelling of the transformer insulation degradation. Table 3.1.1 is shown 
below: 
Table. 3.1.1: 1MVA 11/0.4kV oil-immersed transformer specification. 
PARAMETER VALUE 
Transformer rating 1000 kVA 
Connection groups Dyn11 
Cooling mode ONAN 
Frequency 50 Hz 
Rated voltage(LV) 400 V 
Rated voltage(HV) 11000 V 
Rated current(LV) 1443.48 A 
Rated current(HV) 52.49 A 
No-load losses 3066 W 
Load losses 12208 W 
Winding losses 8400 W 
Other stray losses 2495  W 
Eddy current losses 1313 W 
Ambient temperature 32°C 
Hot spot rise top liquid 65°C 
Top liquid rise over ambient 50°C 
Exponent m 0.8 
Exponent n 0.9 










Figure. 3.1.1: 1MVA 11/0.4kV oil-immersed transformer.  
 
3.1.2 Fluke Power Logger Data Recording 
 
The Fluke Power Logger is connected on a three-phase (Blue, Red, Yellow and Neutral) 
panel busbars that are fed from the secondary side of a transformer as shown in Figure 
3.1.2. The fluke power logger contains 4 current probes and 4 voltage crocodile clamps. 
The three-phase busbars are colour coded as, (A/L1/RED, B/L2/YELLOW & 
C/L3/BLUE) and a neutral (N/BLACK). Current probes and voltage clamps are 
connected on the busbars to take readings of current and voltage harmonics load data 
respectively from each of the phases and neutral busbars. Caution to avoid electrocution 
is made during the connection of the recording device to avoid body contact with live 
parts or phases of the distribution panel. For the logging of harmonics load data, the 
fluke device rotor is switched to the "harmonics" mode. The start button is pressed after 
all connections have been made to start the logging session of data in the fluke device. 
The data logging or recording session will continue until the desired amount of data has 
been collected. In this experiment, data were recorded for a month and a few days. A 
power cable extension is connected to provide a continuous flow of power to the fluke 
device since the build-in battery can only last for few days. Therefore, the provision of 
continuous power with an extension cord will prevent shutting down of the device 











Figure. 3.1.2: Fluke device connection on panel busbars  
Each current probe and voltage-clamp comes with a marking to indicate the phase in 
which a specific current probe or voltage clamps connects to. A mixture of connections 
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Figure. 3.1.3: Fluke connection single line diagram  
 
Figure 3.1.3 above shows a simplified single line diagram or schematic layout 
comprising of a transformer in which recordings were collected, fluke power logger 
connection to the panel busbars, and transferring of data from the fluke device to a 
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It should also be noted that Figure 3.1.3 only shows a simplified schematic diagram of 
the equipment and devices used in the research experiment. Other transformers and 
switchgears contained in substation 6 and 7 are not shown. The hospital is also 
comprised of other 5 different distribution substations which are also not shown in 
Figure 3.1.3. 
 
After completion of the recording session, data is transferred to the personal computer 
for further analysis and optimization in modelling. The personal computer is comprised 
of a Fluke Power Log Classic Software, which enables for the viewing of load data 
recorded with a fluke device. Figure 3.1.4 shows harmonics load data being 




Figure. 3.1.4: Downloading recorded data to the PC.  
 
The measured values of current harmonic distribution from the transformer are shown 
in Appendix A. These values show the ratio of RMS current at harmonic order 𝐼ℎ to the 
fundamental RMS current 𝐼1 [6]. The recorded odd harmonic orders are from order 1 
to order 25, however, Appendix A shows a limitation to order 19 due to very low vales 
obtained of orders 21, 23 and 25. The left out harmonic orders have values very close 
to zero and thus will have no significant impact when calculating transformer losses 




to 24hrs period or daily average and have been summarized over 31 days. The device 
was calibrated to measure 20mins time intervals, but after the recording, data were 
averaged to 24hrs intervals. Data is averaged over 24hrs intervals since the main interest 
is to estimate the distribution transformer loss of life over 24hrs as per the IEEE 
standard [7]. Further contained Appendixes are Appendix B and Appendix E of load 
current and current total harmonic distortion respectively. These recordings are also 
averaged to 24hrs intervals. 
 
3.1.3 Ambient Temperature 
 
Another important parameter to consider when estimating the insulation failure of a 
distribution transformer is the ambient temperature inside the substation where a 
transformer is housed [6, 7]. The daily variation of ambient temperature for 24hrs has 
been identified as being proportional to the rate of ageing acceleration of transformer 
insulation. i.e. during lower values of ambient temperature, the transformer insulation 
ageing acceleration will be slower as compared to when the ambient temperature is 
high. Therefore, ambient temperature is a critical parameter to monitor in the 
transformer substation to ensure the reliability of the transformer operation. Appendix 
C shows the recorded ambient temperatures using a thermometer in the substation for 
31 days. 
 
3.2 Conclusion  
 
Chapter 3 has covered detailed information on how the experimental work was conducted 
together with the obtained data from recording sessions. A fluke 1735 power logger, 
thermometer device, MV transformer, panel busbars, and a PC were utilized to ensure the 
success of the experiment. All the obtained recorded data from the experimental work are 
shown in Appendixes A, C and E. The next chapter will detail the calculation and 
simulation processes using the MATLAB software package to obtain the estimated 









Prediction of Insulation Loss of Life 
 
4.1 Introduction  
 
This chapter covers the estimation of a distribution transformer insulation loss of life using 
data collected in an MV substation. The prediction of insulation loss of life is based on a 
thermal model of IEEE C57.91 [7], IEEE C57.110 [6], and IEC 60076-7 [33] loading 
guidelines. Another supporting guideline used is the IEEE 519 [15] standard. Furthermore, 
statistical modelling techniques are applied to predict or forecast the future daily average 
transformer insulation loss of life. Simulations are performed using MATLAB – 
Mathworks 2017 software package. 
 
Firstly, IEEE and IEC loading guidelines will be applied to estimate the effects of 
harmonic distortions on the life of a distribution transformer insulation paper. Secondly, 
AI techniques will be utilized for future prediction or forecasting of transformer insulation 
loss of life. 
 
4.2 Transformer Loss of Insulation Life Using IEEE & IEC Standards 
 
Although overloading of a transformer can cause overheating, harmonic distortions causes 
additional heating due to high neutral currents. Excessive heating in a transformer is due 
to increased eddy current and other stray losses. Therefore, these losses need to be known 
to find the increased power transformer temperature heating. The increased temperatures, 
which are top-oil temperature (° C) and hottest-spot temperature (° C), will determine the 
rate of transformer insulation ageing. The utilized data (harmonics load and ambient 
temperature) in this chapter was recorded for 31 days, and it has been averaged to 24hrs 
periods. A long period of harmonics load data recording is necessary to observe how 






Harmonics load data has been collected or recorded on a liquid-immersed distribution 
transformer with a rating of 1 MVA 11/0.4 kV and the results are shown in Appendices A, 
B, C and E. 
 
4.2.1 Estimation using IEEE & IEC Standards  
  
Figure 4.2.1 shows a flowchart of transformer insulation loss of life estimation using 


























Figure 4.2.1: IEEE and IEC insulation loss of life estimation flow chart. 
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 STEP 1: Finding Transformer Losses under Rated and Loading Conditions 
  
For estimation of transformer loss of life, a 24hrs dataset from day 10 of the recording 
is utilized in this section. 
 
The obtained RMS harmonic current distribution during the recording session is shown 
in Appendix A. Table 4.2.1 shows the normalized harmonic distribution determined at 
load to fundamental RMS current. The averaged values in columns 3, 5, and 7 of Table 



























1 1,00000 1,000000 1 1 1 1 
3 0,33083 0,109450 9 0,985052666 2,408224685 0,263580905 
5 0,16655 0,027738 25 0,693459454 3,623898318 0,100521062 
7 0,08565 0,007337 49 0,359488571 4,743276394 0,034799054 
9 0,01221 0,000149 81 0,012083322 5,799546135 0,000865158 
11 0,00738 0,000054 121 0,006583579 6,809483128 0,000370502 
13 0,00408 0,000017 169 0,002818351 7,783137122 0,000129797 
15 0,00746 0,000056 225 0,012525807 8,727161387 0,000485843 
17 0,00206 0,000004 289 0,001225188 9,646263856 4,08944E-05 
19 0,00258 0,000007 361 0,002395291 10,5439389 6,99607E-05 
       
  1,1448  3,0756  1,4009 
 
Table 4.2.1: Harmonic distribution normalized to fundamental RMS current. 
 
Harmonics loss factor for windings eddy current losses is obtained by the following 
equation (6): 
 

























2 is the summation of the squared ratio of harmonic current 










ℎ=1  is the summation of the squared ratio of harmonic 
current at order ℎ to the fundamental harmonic current value. Therefore, the summation 
value of column 4 is divided by the summation value of column 3 in Table 4.2.1 to 
obtain harmonic loss factor for windings eddy current losses, and thus Equation 4.2.1 
yields 2.687: 
 
Harmonics loss factor for other stray current losses is obtained by the following 
equation (6): 
 

























0.8 is the summation of the squared ratio of harmonic current 
values at order ℎ to the fundamental harmonic current value multiply by squared 






ℎ=1  is the summation of the squared ratio of harmonic 
current at order ℎ to the fundamental harmonic current value. Therefore, the summation 
value of column 6 is divided by the summation value of column 3 in Table 4.2.1 to 
obtain harmonic loss factor for other stray losses, and thus Equation 4.2.2 yields 1.224. 
 
The harmonic loss factor for windings eddy current losses and other stray losses are 
used to obtain the corrected transformer losses under harmonic load conditions. The 
rated losses for a 1MVA 11/04kV liquid – immersed the transformer are obtained from 
the manufacture test report, and the following information in Table 4.2.2 was obtained. 
 
Table 4.2.2: Transformer rated losses. 
Rated No-Load Losses (𝑃𝑁𝐿) 3066W 
Rated Full-Load Losses at Full-Load Current (𝑃𝐿𝐿) 12208W 
Rated Full-Load Eddy Current Losses (𝑃𝐸𝐶) 1313W 
Rated Copper Losses (𝑃(𝐼2𝑅)) 8400W 
 
To obtain other stray losses, the following equation is applied (6): 
 
𝑃𝐿𝐿 = 𝑃(𝐼





Where 𝑃𝐿𝐿 is rated load losses in watts, 𝑃(𝐼
2𝑅) is rated copper losses in watts, 𝑃𝐸𝐶  is 
rated eddy current losses in watts, and 𝑃𝑂𝑆𝐿 is other stray losses in watts. Equation 4.2.3 
then yields other stray losses of 2495W.  
  
 The following equation is used to obtain the total rated losses (6). 
  
𝑃𝑇 = 𝑃𝑁𝐿 + 𝑃𝐿𝐿    (4.2.4) 
Where  𝑃𝑇rated losses in watts total is, 𝑃𝑁𝐿 is rated no-load losses in watts, and 𝑃𝐿𝐿 is 
rated load losses in watts. Equation 4.2.4 yields total losses of 15274W. 
 
After obtaining all the required transformer rated losses at full load, losses occurring 
because of load and harmonic distortions are then obtained. The average daily (day 10) 
per-unit RMS load was approximately 0.83 or 83% of the magnitude of the fundamental 
current, and therefore the total losses must be corrected to reflect the RMS current 
below the rated transformer current. The square root of the column 3 summation in 
Table 4.2.1 is equal to 1.0700 and this value represents the per-unit fundamental RMS 
current, and thus to correct rated losses to reflect losses at 83% loading, the following 
equation is applied (6).  
                𝑃𝐿𝐿 (𝑝𝑢) =  [𝐼𝐹 (𝑝𝑢)]
2 × [𝐼𝐿(𝑝𝑢)]
2       (4.2.5) 
Where 𝑃𝐿𝐿 (𝑝.𝑢) is per-unit load loss, 𝐼𝐹 (𝑝.𝑢) is per-unit fundamental RMS current, and 
𝐼𝐿(𝑝.𝑢) is per-unit RMS load current. Equation 4.2.5 yields 0.79. The Rated losses listed 
in Table 4.2.3 are multiplied with a per-unit load loss value of 0.84 to obtain the load 
losses, which reflect the lower RMS current below the rated current. 
 
 Table 4.2.3: Losses under specific loading conditions. 








No-load 3066 3066  3066 
𝑰𝟐𝑹 8400 6625  6625 
Winding eddy 1313 1036 2,6866 2782 
Other stray 2495 1968 1,2237 2408 





STEP 2: Finding Windings Hottest-Spot Temperature Using Thermal Model 
 
The thermal model is applied in estimating the transformer insulation loss of life per 
the IEEE C57.91 and IEEE C57.110 loading guide regulations [6,7].  
 
The modelling of insulation loss of life can be done analytically or using simulation. In 
this study, an analytical approach has been applied. Below is Figure 4.2.2 showing a 









Figure 4.2.2: Thermal model for hottest-spot calculation. 
 
Given the transformer rated hot-spot rise temperature and top liquid rise over ambient 
temperature of 65°C and 50°C respectively, the top-liquid rise over ambient 
temperature (°C) and is the hottest-spot conductor rise over top liquid temperature (°C) 
under the recorded loading conditions are obtained as follows (6): 
 
a. Top-liquid rise over ambient temperature (°C) 
 
∆𝜃𝑇𝑂 = (𝜃𝑇𝑂,𝑈 − 𝜃𝑇𝑂,𝑖) ൬1 − 𝑒
−
𝑡
𝜏𝑇𝑂൰ + 𝜃𝑇𝑂,𝑖  (4.2.6) 
Equation (4.2.6) can also be re-written as follows: 




















Where ∆𝜃𝑇𝑂 is the top-liquid-rise over ambient temperature (°C), 𝜃𝑇𝑂−𝑅 is the top-
liquid-rise over ambient temperature under rated conditions (°C), 𝑃𝐿𝐿 is the load loss 
(watts), 𝑃𝐿𝐿−𝑅 is the load loss under rated conditions (watts), 𝑃𝑁𝐿 is the no-load loss 
(watts). Using equation 4.2.7, ∆𝜃𝑇𝑂 becomes 48.967 (°C), 
 
b. Hottest-spot conductor rise over ambient temperature (°C) 
In Table 4.2.4 of IEEE Std.C57.110, it is assumed that 40% of the winding eddy losses 
occur in the low voltage winding of transformers with a capacity ranging above 0.3 
MVA and not more than 1 MVA. The maximum eddy loss at the hottest spot region is 
assumed to be four times the average eddy loss, and thus it will be 160%. The value of 
𝑃𝐸𝐶−𝑅(p. u) is then 1.6.  
 
Table 4.2.4: Estimate of distribution of winding eddy loss % for liquid immersed 
transformers. 
 
KVA Range Winding eddy loss Other stray loss 
LV winding HV winding 
≤ 300 55 5 40 
˃ 300 
≤ 1000 
40 10 50 
˃ 1000 
≤ 3000 
20 10 70 
˃ 3000 25 15 60 
 
𝜃𝑔 = (𝜃𝑔,𝑈 − 𝜃𝑔,𝑖) ൬1 − 𝑒
−
𝑡
𝜏𝑤൰ + 𝜃𝑔,𝑖   (4.2.8) 
Equation (4.2.6) can also be re-written as follows (6): 
𝜃𝑔 =  𝜃𝑔−𝑅 × (




  (4.2.9) 
 
Where 𝜃𝑔 is the hottest-spot conductor rise over top-liquid temperature (°C),  𝜃𝑔−𝑅 is 
the hottest-spot conductor rise over top-liquid temperature under rated conditions (°C), 
𝐹𝐻𝐿  is the harmonic loss factor for winding eddy currents, 𝑃𝐸𝐶−𝑅(p. u) is the per-unit 






Therefore, hottest-spot conductor rise over ambient is obtained by the following 
equation (6): 
 
∆𝜃𝐻 = ∆𝜃𝑇𝑂 + 𝜃𝑔    (4.2.10) 
Where ∆𝜃𝐻 is the hottest-spot conductor rise over ambient temperature (°C), ∆𝜃𝑇𝑂 is 
the top-liquid-rise over ambient temperature (°C), and 𝜃𝑔 is the hottest-spot conductor 
rise over top-liquid temperature (°C). Using equation 4.2.10, ∆𝜃𝐻 becomes 78.508 (°C), 
 
c. Windings Hottest-spot temperature (°C) 
 
Hottest-spot temperature is the main determining factor of the power transformer 
insulation loss of life, i.e. to be able to verify the impact of loading and harmonic 
distortions on the transformer insulation ageing, the hottest-spot temperature should be 
known [3-7]. Ambient temperature is also another important influential factor for 
transformer windings hottest-spot temperature as its variation is directly proportional 
to that of hottest-spot temperature. Figure 4.2.3 below shows a graph for ambient 
temperature (°C) variation in the 24-hours period from day 10 of recording. The graph 
is plot using ambient temperature data results in Table 4.2.5 
 
 
































After obtaining values of top-liquid rise over ambient temperature and hottest-spot rise 
over ambient temperature, a hottest-spot temperature is then obtained using Equation 
4.2.11. It should be noted that the hottest spot temperature value is obtained over an 
hourly period as the ambient temperature varies hourly and therefore the hottest-spot 
temperature will also vary hourly. The below hottest-spot temperature occurred at 
midnight when the ambient temperature inside the substation was 28°C.  
 
𝜃𝐻= 𝜃𝐴 + ∆𝜃𝑇𝑂 + 𝜃𝑔    (4.2.11) 
Where 𝜃𝐻 is the winding hottest-spot temperature (°C), 𝜃𝐴 is the ambient temperature 
(°C), ∆𝜃𝑇𝑂 is top-oil/liquid rise over ambient temperature (°C), and 𝜃𝑔 is the hottest-
spot conductor rise over top-liquid temperature (°C). Using equation 4.2.11,  𝜃𝐻 
becomes 106.508 (°C). 





















0 28 106,51 0,697 0,697 
1 28 106,51 0,697 1,394 
2 27 105,51 0,628 2,022 
3 27 105,51 0,628 2,65 
4 26 104,51 0,566 3,216 
5 27 105,51 0,628 3,844 
6 29 107,51 0,774 4,618 
7 31 109,51 0,951 5,569 
8 33 111,51 1,166 6,735 
9 34 112,51 1,290 8,025 
10 36 114,51 1,577 9,602 
11 38 116,51 1,924 11,526 
12 38 116,51 1,924 13,45 
13 39 117,51 2,123 15,573 
14 41 119,51 2,582 18,155 
15 41 119,51 2,582 20,737 
16 38 116,51 1,924 22,661 
17 36 114,51 1,577 24,238 
18 36 114,51 1,577 25,815 
19 34 112,51 1,290 27,105 
20 33 111,51 1,166 28,271 
21 31 109,51 0,951 29,222 
22 29 107,51 0,774 29,996 






STEP 3: Finding Insulation Loss of Life Under Given Loading Conditions 
 
In Table 4.2.5, shows the variation of hottest-spot temperature with time and ambient 
temperature and that of ageing acceleration factor. The ageing acceleration factor 
during a specific hour period is obtained by Equation 4.2.12 (7). Ageing acceleration 
factor shows the rate of a degree in which degradation of transformer insulation paper 
is occurring for a given per-unit load, harmonic distortions, ambient temperature, and 
transformer temperatures [6,7]. The following ageing acceleration factor mathematical 
expression in Equation 4.2.10 occurred during a midnight hour when the hottest spot 
temperature value is 106.508 °C as shown in Table 4.2.5. 
 








     (4.2.12) 
 
Where 𝐹𝐴𝐴 is transformer insulation ageing acceleration factor, 𝜃𝐻 is the winding 
hottest-spot temperature (°C). Using equation 4.2.12, 𝐹𝐴𝐴 becomes 0.697 
 
Figure 4.2.4, shows how an increase in winding hottest-spot temperature increase the 
ageing acceleration of a transformer insulation paper. The graph has been plot-using 
data from results in Table 4.2.5 above. The rate of insulation ageing acceleration is 
slower from lower winding hottest-spot temperatures and it gets faster as the hottest-































Figure 4.2.4: Results showing insulation ageing acceleration over 24 hours. 
 
Figure 4.2.5, shows a relationship between ambient temperature in the transformer 
substation and winding hottest-spot temperature. The relationship as seen on the graph 
in Figure 4.2.6 is linear and this is because an increase in ambient temperature increase 




Figure 4.2.5: Results showing transformer insulation ageing over 24 hours. 
 
To finally determine the distribution transformer insulation loss of life for 24-hours 
Equations 4.2.13 and 4.2.14 are applied. The percentage loss of insulation life on day 
10 of data recording is because of the effects of per-unit load, harmonic distortions, 
ambient temperature, winding hottest-spot temperature and other variables calculated 
in the above sections. 
 
The equivalent ageing factor for 24-hours is obtained using Equation 4.2.13 (7) below. 
It averages the total accumulated or summation of ageing acceleration factor (30.693) 
for 24-hours as shown in Table 4.2.5 i.e. to find equivalent ageing factor over a given 
period of 24-hours. 
 








































Where 𝐹𝐸𝑄𝐴 is the equivalent aging factor for the total time-period, 𝐹𝐴𝐴,𝑛 is aging 
acceleration factor for the temperature that exists during the time interval ∆𝑡𝑛, 𝑛 is an 
index of the time interval, ∆𝑡, 𝑁 is the total number of time intervals, ∆𝑡𝑛 is the time 
interval, ℎ. Equation 4.2.13 yields 1.279. 
 
After obtaining the equivalent ageing factor as shown in the above Equation 4.2.13, the 
last step is to find a percentage loss of insulation life for 24-hours using Equation 4.2.14 
(7) below. 
 
𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐿𝑜𝑠𝑠 𝑜𝑓 𝑙𝑖𝑓𝑒 =  
𝐹𝐸𝑄𝐴 × 𝑡 
𝑁𝑜𝑟𝑚𝑎𝑙 𝑖𝑛𝑠𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑙𝑖𝑓𝑒
  × 100  (4.2.14) 
 
From Equation 4.2.14, the percentage insulation loss of life of 0.01705 occurred for 24-
hours, and therefore this value needs to be equated to reflect the remaining insulation 
life with reference to a normal life of 180 000-hours. Thus, to obtain the entire expected 
insulation life under given transformer loading conditions, Equation 4.2.15 is applied. 
 
𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒𝐿𝑜𝑠𝑠 𝑜𝑓 𝑙𝑖𝑓𝑒 (𝑝𝑒𝑟 𝑦𝑒𝑎𝑟) =  0.01705  × 𝑌𝑒𝑎𝑟  (4.2.15) 
 
Therefore, from Equation 4.2.15, insulation percentage loss of life in one year is 
expected to be 6.223%,  
 
The expected remaining insulation life is will be reached when the percentage loss of 
life reaches 100%, and thereof as shown in the mathematical expression below in 
Equation 4.2.16 (7). 
 
%𝐿𝑜𝑠𝑠 𝑜𝑓 𝑙𝑖𝑓𝑒 (𝑝𝑒𝑟 𝑦𝑒𝑎𝑟) × 𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑌𝑒𝑎𝑟𝑠 = 100%  (4.2.16) 
𝑅𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑌𝑒𝑎𝑟𝑠 =  
100%





Therefore, from Equation 4.2.16, the expected remaining distribution transformer 
insulation life given loading conditions in day 10 is 16.069-years, from the expected 
designed life span of 180 000-hours/ 20.548-years,  
 
4.2.2 IEEE and IEC Results Discussion 
 
The above section 4.2.1 covered an example of the estimation of distribution 
transformer remaining life based on the application of IEEE and IEC loading guide 
regulation thermal model. The result indicates that the estimated remaining life of a 
distribution transformer insulation normal life span is 16 years. This estimation is based 
on the loading conditions in day 10 of recording. The result also indicates that if loading 
conditions and substation room temperature remains the same as in day 10 of recording 
throughout the upcoming years, the transformer insulation is likely to lose its normal 
functioning strength after approximately 16 years of operation. 
 
As per IEEE C57.91 and IEC 60076-7, the normally expected life span of a distribution 
transformer is within 20 to 25 years given the transformer is operated within its 
designed rated loading capacity. In this study, a reference normal life span of 180 000 
hours or 20.548 has been applied. This estimation is also based when the daily average 
ambient temperature (°C) does is not exceeding 30°C, with the maximum daily ambient 
temperature of 40°C at rated loading [6,7].  
 
The ambient temperature results in Table 4.2.5 reached a maximum or peak daily value 
of 41°C with a daily average value of 32.8°C. These values are above the recommended 
allowed operational limit and will result in an increased transformer oil and windings 
heating. Even though the transformer is not loaded to its limit, the high ambient 
temperature will influence the accelerated insulation degradation. Appendix C shows 
daily recorded ambient temperatures for 31 days, and it can be noted from the data that 
the ambient temperature in all the days is slightly higher than the required maximum 
amount.  
 
Another influential factor that has resulted in reduced expected transformer insulation 
life is a high level of harmonic distortions, which has resulted in high harmonic order 




to 19 of all the days in which the data has been collected. High harmonic distortion 
levels are causing the transformer to continuously operate with load losses very close 
to rated losses as shown in Table 4.2.3.  
 
In some instances, corrected load losses are above the rated losses as shown in Table 
4.2.6 below. This is due to the harmonic loss factor of the eddy and other stray losses 
which cause increases load losses. Table 4.2.6 shows transformer losses occurring due 
to loading conditions in day 30 of recording. 
 
Table 4.2.6: Transformer daily average losses. 








No-load 3066 3066  3066 
𝑰𝟐𝑹 8400 7199  7199 
Winding eddy 1313 1125 2,8836 3245 
Other stray 2495 2138 1,2452 2663 
Total losses 15274 13528  16172 
 
The hottest-spot temperature as seen in Table 4.2.5 is reaching values above 110 (°C) 
in most hours of the day. Per IEEE and IEC loading guide regulations, a transformer is 
not supposed to continuously operate at a hottest-spot temperature above 110 (°C) for 
a long term within 24 hours [6,7]. The daily average hottest-spot temperature in Table 
4.2.5 is 111.34 (°C) which is beyond the acceptable limit. Appendix D shows daily 
average hottest-spot temperatures (°C) for the entire data recording period (31 days), 
and the result indicates that the transformer is continuously operating at hottest-spot 
temperatures beyond the acceptable limit. Data in Appendix D, further shows that 
higher transformer loading results in higher hottest-spot temperature which in turn 
causes a higher rate of insulation loss of life as opposed to days with lower loading. 
 
A transformer is designed to operate safely for the long term at a hottest-spot 
temperature of 110 (°C) and below. The hottest spot temperature of 110 (°C) results in 
a unity insulation ageing factor, and anything beyond 110 (°C) causes an accelerated 
insulation ageing factor i.e. causing insulation degradation shortening its life span. This 






4.3 Transformer Loss of Insulation using Artificial Intelligence Models 
 
In this section, fuzzy logic, artificial neural networks, and adaptive neuro-fuzzy inference 
system models are used to estimate the insulation loss of life. The modelling or forecasting 
of daily average transformer insulation of life is based on results that were obtained using 
IEEE and IEC loading regulations standards. Transformer insulation loss of life results 
obtained using IEEE and IEC standards will be used for training and testing of AI models, 
and to validate the predicted outcome/results. Modelling is performed using MATLAB 
R2017a Mathworks software package. 
 
4.3.1 Proposed Prediction Data Analysis 
 
Before the utilization of data in prediction or forecasting, one of the most fundamental 
tasks to perform is data analysis to enable achieving of desired or expected results. This 
process enables one to verify is the data in hand that is intended to be used for the 
understanding of future outcomes or events is reliable to achieve the desired objective. 
For available data to be utilizable in prediction or forecasting there must be a visible 
correlation strength between the proposed input and the desired output. At times, the 
available data can show a complex relationship between the input and output, and in 
such cases, AI techniques have been developed to handle such complexity due to their 
deep learning capabilities. 
  
In this study, the future outcome of transformer loss of insulation life will be predicted 
using the following proposed variables; load (A/per-unit), ambient temperature (°C), 
and/or windings hottest-spot temperature (°C).  
 
The first step will be to test the relationship strength between the input (load, ambient 
temperature, and hottest-spot temperature) variables and an output (loss of life) 
variable. 
The test is performed by checking the linear and correlation coefficient relationship 
strength between the proposed variables. 
 
Tables 4.3.1, 4.3.2, and 4.3.3 show that there is a linear relationship between the 




step to consider these variables as reliable in modelling of transformer insulation loss 
of life. 
 
Table 4.3.1, shows the correlation coefficient (r) values between load and each 
proposed influential variable.  
 






Insulation Loss of 
Life (%) 
0.585 0.984 0.837 
 
A correlation coefficient value of 1 or -1 indicates a very strong positive or negative 
relationship between variables, and thereof a value close to 1 will indicate a relatively 
strong relationship [76]. Hottest-spot temperature (°C) and load (p.u) values in Table 
4.3.1 show that there is a relatively good relationship between them and the output 
variable (insulation loss of life). Ambient temperature (°C) also has a good influential 
factor on the insulation loss of life, but not as effective as the other two variables. 
 
 
Figure 4.3.1: Ambient temperature versus insulation loss of life. 
 






















Figure 4.3.2: Hottest-spot temperature versus insulation loss of life. 
 
 
Figure 4.3.3: Per-unit load versus insulation loss of life. 
 
Before the available data is modelled for forecasting in this study, it should be split 
between training and testing. A full set of data samples showing proposed input 
variables and the associated output variable is shown in Appendix F. There are 31 
input/output samples available as shown in Appendix F. For this research work, 23 
samples are used for or as training data and the remaining 8 samples are used as 
validation data to measure the models prediction or forecasting performance results. 
The first three columns of data samples contain input and the fourth column contains 
an output.  









































23 data samples will be used for forecasting 8 samples using FL, ANN, and ANFIS. 
The forecast output (insulation loss of life) results obtained from AI models will be 
measured against 8 output (insulation loss of life) samples of results obtained using 
IEEE/IEC standards. Both IEEE and AI results will be compared using MAPE to 
measure the reliability of AI models. 
 
4.3.2 Prediction using Fuzzy Logic 
 
The first AI model to be tested is a fuzzy logic which is a rule-based data modelling 
technique designed to make decisions based on the rules created. Different fuzzy logic 
IF-THEN rules are created to map the input data/variables with the possible outcome 
or results. The rules are created using membership functions, which aligns the input 
with the possible output using weights based on partial truth. 
 
The proposed inputs which are used in modelling are hottest-spot temperature (°C), 
ambient temperature (°C), and load (per-unit), and the output is transformer insulation 
loss of life (%). All these variables are averaged to daily periods as indicated in 
Appendix F.  
 
After data analysis, there are various steps to be taken when performing fuzzy logic 
modelling to arrive at the intended fuzzy crisp output, which in this study is the 
forecasting of distribution transformer insulation loss of life. Figure 2.5.2 flowchart 
shows all the necessary steps to be followed in developing a fuzzy logic-forecasting 
model. The building of a Fuzzy Logic model for forecasting is done by developing and 
running code commands in a MATLAB Mathworks software package as shown in 
Appendix G.   
 
Below is Figure 4.3.4 which shows the generated Sugeno fuzzy logic designer 







Figure 4.3.4: Sugeno fuzzy logic designer. 
 
a. Fuzzy Logic Data Subtractive Clustering 
 
Subtractive clustering/data clustering is performed to improve the relationship between 
the input and output variables by grouping data points that display a strong or similar 
relationship. Subtractive clustering is a one-pass algorithm for estimating the number 
of clusters in a dataset [84, 85]. This task also helps to minimize the number of fuzzy 
IF-THEN rules that can be generated since the focus of rules generation is on the cluster 
points and not the entire set of input data. 
 
Figures 4.3.5, 4.3.6, and 4.3.7 show fuzzy logic subtractive clustering results or points 
between input variables and an output variable generated using MATLAB 'subclust’ 
command. The ‘RED’ dots represent 6-cluster points identified using fuzzy logic’s 
subtractive clustering technique, and 23 ‘BLUE’ dots represent input data.  
 
Based on data analysis, there is not a good relationship between ambient temperature 
and insulation loss of life, and this makes it complicated to produce fuzzy logic IF-
THEN rules. With the help of subtractive clustering, it can be easier to produce the 



















Figure 4.3.7: Cluster points between ambient temperature and insulation loss of life. 
 
b. Fuzzy Logic Membership Function and Rules 
 
Figure 4.3.8 shows a membership function generated based on identified cluster points. 
A fuzzy logic membership function helps to map the selected input variables to its 
associated output variable based on the degree (0 to 1) of membership.  
 
Each input variable has its membership function and Figure 4.3.8 shows a membership 
function belonging to the ‘load’. There are various types of membership functions such 
as Triangular, Trapezoidal, Gaussian, and many more. and in this study, a Gaussian 









Figure 4.3.9 below shows the fuzzy logic IF-THEN rules generated based on identified 
cluster points. The clustering of data helps the model to develop fewer rules as shown 
in Figure 4.3.9. Six rules have been developed from six cluster points to map the inputs 




Figure 4.3.9: Generated fuzzy logic IF-THEN rules. 
 
c. Fuzzy Logic Rule Viewer 
 
Figure 4.3.10 below shows the rule viewer of the fuzzy inference system, which is used 
to adjust the input variables to obtain an expected output, based on the developed IF-
THEN rules. Adjusting of ambient temperature, hottest-spot temperature, and load will 
give an output variable of an estimated insulation loss of life. 
 
Adjusting of Ambient Temperature to a value of ’31.8 (°C)’, Hottest-Spot Temperature 
to a value of 116‘(°C)’ and Load to a value of 0.89 (per-unit) has produced a fuzzy logic 
estimation or forecast of transformer insulation loss of life value of ‘0.0261 (%). The 
adjusted input variables belong to the 29 the day in Appendix F, and fuzzy logic 
has predicted an insulation loss of life output value of 0.0261, as opposed to an 





The task of adjusting input variables can be performed repeatedly to obtain an insulation 
loss of life value from specific input values of Ambient Temperature, Hottest-Spot 
Temperature, and Load. The entire fuzzy logic prediction/forecasting of 8-days results 
is shown in Table 4.3.2. A MAPE value is also shown in Table 4.3.2 to compare IEEE 
& IEC results with fuzzy logic predicted/forecast ones. Equation 4.3.1 shows how a 




Figure 4.3.10: Fuzzy logic rule viewer. 
d. Fuzzy Logic Prediction Results 
Table 4.3.2: Fuzzy logic prediction results. 
Fuzzy Logic Insulation Loss of Life Prediction Results 
DAYS IEEE & IEC Estimation / 
Actual Data  
Fuzzy Logic Forecasting 
Results/ 
Predicted Data 
1 0,0142 0,0144 
2 0,0145 0,0147 
3 0,0156 0,0151 
4 0,0155 0,0151 
5 0,0209 0,0190 
6 0,0270 0,0261 
7 0,0249 0,0214 











If ‘Actual Data/IEEE Results’ is mathematically defined as ?̅?𝑡 and ‘Fuzzy Logic 
Forecast Results’ is mathematically defined as ?̂?𝑡 , and 𝑛 is the number of forecast days, 
then MAPE can be obtained as follows: 
 






|𝑛𝑡=1 (%)    (4.3.1) 
 
Equation 4.3.1 yields a MAPE value of 5.87% which represents a percentage deviation 
between actual data/IEEE insulation loss of life results and fuzzy logic prediction 
results. 
 
 4.3.3 Prediction using Artificial Neural Networks 
 
In this section, forecasting distribution transformer insulation loss of life using a time-
series multi-step ahead ANN model is presented. The network is trained using 31 
samples of daily average hottest-spot temperature, ambient temperature, load, and 
insulation loss of life. The full dataset used in the training of ANN is shown in Appendix 
F. The data is divided into 'Training', 'Testing' and 'Validation' in the model for 
forecasting. Multi-step ahead (MSA) involves the task of predicting future values or 
events based on past or historical data. Hottest-spot temperature, ambient temperature, 
and load variables are applied to the model as the 'Input' and 'insulation loss of life' is a 
'Target' variable.  
The model study the relationship between input and targeted variable and learn to map 
inputs to the related output, and predict a possible future outcome using neurons. 
Prediction with ANN time-series is performed using MATLAB software package. 
ANN time series model MATLAB code used in this task is shown in Appendix G. 
 
ANN MATLAB model could not take decimal fraction numbers, and thereof before 
data was used for modelling, it had to be converted to natural numbers as show Tables 
4.3.3 and 4.3.4. Table 4.3.3 shows data with decimal fraction numbers, and Table 4.3.4 







Table 4.3.3: Data with decimal fraction numbers. 
 
Days 1 2 3 ……… 31 
Hottest-spot 
temperature 
110,00 110,03 111,41 ……… 114,32 
Ambient 
temperature 
34,71 34,08 33,33 ……… 32,13 
Load 0,781 0,789 0,815 ……… 8,5 
Insulation 
loss of life 
0,0136 0,0146 0,0164 ……… 0,0220 
 
Table 4.3.4: Data converted to natural numbers. 
 
Days 1 2 3 ……… 31 
Hottest-spot 
temperature 
11000 11003 11141 ……… 11432 
Ambient 
temperature 
3471 3408 3333 ……… 3213 
Load 781 789 815 ……… 850 
Insulation 
loss of life 
136 146 164 ……… 220 
 
a. Splitting of Data for ANN Model Training 
 
Splitting of data into three distinct datasets is a critical step in the development of an 
ANN model. The arrangement of percentage split between training, validation, and 
testing plays a crucial role in the effectiveness of an ANN model performance. Input 
data in this task is split into 70% of training, 15% of validation, and 15% of testing as 
shown in the MATLAB code in Appendix G. The percentages split can be arranged in 
any form, but to ensure better training and reliability of the model it is always advisable 
to have a larger percentage under training, and smaller percentages for validation and 
testing. The training dataset is used to train the model to learn about the nature and 
features of the input (hottest-spot temperature, ambient temperature, and load) data and 
its relationship to the target (transformer insulation loss of life). 
 
The training of data can be repeated multiple times to improve the learning or regression 
fit of the model to achieve better forecasting results. The training of a model to improve 




‘[net,tr]=train(net,Input,Target,inputStates,layerStates)’ in Appendix G. The 
validation data set is separate from the training data set and it is used to validate 
overfitting (accuracy) of training data set. The test dataset is used to test the model 
prediction to verify its effectiveness. 
 
The network is trained using a Levenberg-Marquardt Algorithm. This algorithm is set 
on default by the model but it can be changed. After training the model a Graphical 
User Interface (GUI) shown in Figure 4.3.11 will appear where validation of model 
performance is done by checking the Training State, Error Histogram, Regression, 





Figure 4.3.11: ANN Levenberg - Marquardt training. 
 
b. Regression Fit Output 
Figure 4.3.12 shows a regression output after training a model. An 𝑅-value of 1 









Figure 4.3.12: ANN training regression fit. 
 




Figure 4.3.13: ANN NARX neural network. 
Figure 4.3.13 above shows a Nonlinear Autoregressive Exogenous Model (NARX) 




output/target i.e. 𝑥𝑡 is hottest-spot temperature, ambient temperature, and load, and 𝑦𝑡 
is the insulation loss of life. This network enables the prediction of future time series 
values ( 𝑦𝑡) based on the previous values of that time series (𝑦𝑡) and past values of 
another time series (𝑥𝑡) values. From Figure 4.3.13 it can be noted that the network has 
three inputs and one output, and feedback of 𝑦𝑡 as an addition to the input. The network 
has 10 hidden layers, two input delays, two feedback delays as shown in Appendix G 
ANN MATLAB code. These figures can be adjusted, but caution must be made to avoid 
the overfitting of the model. NARX neural network can be expressed as in equation 
4.3.2. 
 
             y(t)  = f(y(t − 1), . . . , y(t − d), x(t − 1), . . . , (t − d)) (4.3.2) 
 
d. Artificial Neural Network Prediction Results 
 
Figure 4.3.14 shows the output results from ANN forecasting. A blue line represents 
actual data/IEEE insulation loss of life estimation, and a red line represents ANN 









The insulation loss of life figures on the plot above are in natural numbers form and 
should be converted back to decimal fraction umbers. 
 
Artificial Neural Network Insulation Loss of Life Prediction Results 
DAYS IEEE & IEC Estimation / 
Actual Data 
ANN Forecasting Results/ 
Predicted Data 
1 0,0142 0,0142 
2 0,0145 0,0150 
3 0,0156 0,0155 
4 0,0155 0,0161 
5 0,0209 0,0172 
6 0,0270 0,0279 
7 0,0249 0,0227 







Table 4.3.5: Fuzzy logic prediction results. 
 
If ‘Actual Data/IEEE Results’ is mathematically defined as ?̅?𝑡 and ‘Fuzzy Logic 
Forecast Results’ is mathematically defined as ?̂?𝑡 , and 𝑛 is the number of forecast days, 
then MAPE can be obtained as follows: 
 






|𝑛𝑡=1 (%)    (4.3.3) 
 
Equaton 4.2.3 yields a MAPE value of 4.98% which represents a percentage deviation 
between actual data/IEEE insulation loss of life results and forecast data/ artificial 
neural network forecast results. 
 
4.3.4 Prediction using Adaptive Neuro-Fuzzy Inference System 
  
In this section, an ANFIS model is applied to predict the transformer insulation loss of 
life based on the proposed input data. 23 samples of input and output data are trained 




the model will be used to validate the model performance. ANFIS combines FL and 
ANN to utilize the advantages of both these models for great prediction results. 
 
a. Training ANFIS model 
 
Figure 4.3.15 shows an ANFIS model Sugeno designer with the proposed three input 
variables mapped to the output variable. The model was created on MATLAB using an 
anfisedit function on the command window. Training (inputs and output) data was then 













Figure 4.3.16 shows ANFIS model structure that appears after training the model. It 
shows different layers of neurons with lines mapping input variables to rules, and then 
to multiple outputs and finally a single selected output. From Figure 4.3.16 structure it 
is visible that an ANFIS model combines ANN neurons approach and FL rule-based 
approach to conclude a prediction output or result. 
 
Data clustering has been applied in ANFIS modelling to reduce the number of possible 
outcome rules and to improve the model performance. Membership rules have also been 
adjusted several times to improve the output results. Seven rules were developed from 
the model due to data clustering. Figure 4.3.17 shows ANFIS developed rules after 













Figure 4.3.18 above shows six membership functions generated for each input 
variable. 
 
b. ANFIS results 
 
To determine the output prediction of an ANFIS model, the ANFIS rule viewer shown 
in Figure 4.3.18 below generated after training of model should be adjusted per 
validation data containing 8 samples left out during training. Adjusting of input 
variables which are ambient temperature (°C), hottest-spot temperature (°C), and load 
(per-unit), will give out an estimated transformer insulation loss of life (%) output. The 
output results will also verify the reliability of the model performance or how great it 
was trained. The reliability of the model performance is highly dependent on the 




Figure 4.3.19: ANFIS rule viewer. 
 





Adaptive Neuro-Fuzzy Inference System Insulation Loss of Life Prediction 
Results 





1 0,0142 0,0139 
2 0,0145 0,0141 
3 0,0156 0,0148 
4 0,0155 0,0157 
5 0,0209 0,0204 
6 0,0270 0,0254 
7 0,0249 0,0193 







Table 4.3.6: ANFIS prediction results. 
 
If ‘Actual Data/IEEE Results’ is mathematically defined as ?̅?𝑡 and ‘ANFIS Forecast 
Results’ is mathematically defined as ?̂?𝑡 , and 𝑛 is the number of forecast days, then 
MAPE can be obtained as follows: 
 






|𝑛𝑡=1 (%)    (4.3.4) 
 
Eqution 4.3.4 yields a MAPE value of 6.51% which represents a percentage deviation 
between actual data/IEEE insulation loss of life results and forecast data/ artificial 
neural network forecast results. 
 
4.3.5 Artificial Intelligence Models Results Discussion 
 
In this section, three different artificial intelligence-based models have been applied to 
predict distribution transformer insulation loss of life using historical data. The 
proposed input variables are ambient temperature (°C), hottest-spot temperature (°C), 
and load (p.u), and the targeted output variable is distribution transformer insulation 




The first model to be tested is a fuzzy logic which produced a result with a MAPE of 
5.87% when comparing actual data and predicted data. The second model to be utilized 
is ANN which produced a MAPE of 4.98%, and lastly, ANFIS which produced a 
MAPE of 6.51% when measured against IEEE C57.91 thermal model result data.  
 
The models have performed great, especially ANN in which a time-series based 
forecasting approach was applied. ANN out performed FL and ANFIS due to their 
dependence on IF-THEN fuzzy rules, and the quantity of data to produce great 
satisfactory results. The training data displays a moderate relationship between 
proposed input variables and the output variable when observing the correlation 
coefficient values. Ambient temperature with a correlation coefficient value of 0.589 is 
the only variable that does not show a strong influence on the transformer insulation 
loss of life. This is mainly because daily average ambient temperature values remained 
roughly constant throughout all the days of data recording inside the substation. 
Therefore, the major influential factor in transformer insulation loss of life was 
harmonics and load consumption.   
 
Another reason ANN performed better than FL and ANFIS models, is a high load 
consumption on the validation data, which did not show on the training data. This 
creates a challenge for FL and ANFIS when developing IF-THEN rules, which are 
greatly on the data range available on training data. Training data has a limited range 
of data as compared to validation data, which makes FL and ANFIS produce higher 
MAPE values when compared to ANN. Adjusting of fuzzy membership functions and 
applying data clustering has constitutes in both FL and ANN producing better 
prediction results than it could have been due to the nature of training data when 
compared to validation data. 
 
ANN time-series model based on the NARX network approach has performed better 
than other models due to its ability to adjust to changes that might be available on 
validation data that were not available on training data. It performed well even though 
there is some discrepancy between training data and validation data. This is made 
possible by the back-propagation technique which corrects the mistakes made by 





ANN forecast result can be improved is by re-training the model, and reducing or 
adding the number of hidden layer neurons to enhance the development of neurons data 
pattern recognition. The obtained ANN result is also a clear indication that ANN is a 
good modelling technique to work with complex data. The predicted results for all 
models is good considering the quantity of training data available, and therefore it can 





In this chapter, a distribution transformer loss of insulation life has been estimated using 
IEEE C57.91, IEEE C57.110, and IEC 60076-7 thermal model approach [6,7,33]. Fuzzy 
logic, artificial neural networks, and adaptive neuro-fuzzy inference system models have 
also been applied to predict or forecast power transformer insulation loss of life. 
 
Furthermore discussed, is the loss of insulation life results obtained using IEEE and IEC 
standards estimation and artificial intelligence modelling methods. Artificial intelligence 
methods have been used to forecast a loss of insulation life using proposed influential data 
(ambient temperature, hottest-spot temperature, and load). The reliability of AI models is 
tested when their result is measured against results obtained using IEEE and IEC standards. 
ANN model performed best, followed by FL and lastly ANFIS when compared per their 
respective MAPE value. 
 
The loss of transformer insulation life is estimated when the transformer is under harmonic 
load conditions. A load consumption that contains a high level of distortions (shown in 
Appendix E) has caused the transformer to continuously operate with load losses above 
rated losses, and at times very close or just below rated losses. This has caused the 
estimated loss of insulation life to reveal a reduced expected transformer life span on most 
of the days as shown in Appendix F. High ambient temperatures have also contributed to 









Conclusions and Recommendations 
 
5.1 Summary of the Thesis 
 
This thesis is comprised of the study of power systems harmonics in a commercial 
facility’s medium voltage distribution network. Harmonic distortions are studied, from 
their source of generation and their effects on the power transformer. A broad focus of this 
study is on the effects of harmonic distortions is on an MV distribution transformer loss of 
insulation life. An oil-immersed distribution transformer rated 1-MVA 11/0.4 kV (delta-
wye) located in a hospital facility MV electrical distribution network has been used for this 
research experiment.  
 
The thesis has focused on various areas that form part of harmonic distortions in a medium 
voltage distribution network. The first take was on defining, and understanding what 
harmonic distortions are, and what their main cause or source of generation is in an 
electrical system. The main source of harmonics generation in an electrical distribution 
system is non-linear loads made of electronics semiconductor material or switching 
devices. Electronics controlled devices that cause distortions in applied sine voltages and 
currents are but not limited to, variable frequency drives, personal computers, electronic 
ballast luminaires, medical equipment, televisions, and many more. 
 
Also, covered in the thesis is how distorted currents impact the performance reliability of 
a distribution transformer. Harmonic distortions cause over-heating in transformers 
because of increased eddy current and other stray load losses. Excessive harmonic 
distortions can result in reduced distribution transformer insulation life span. This 
phenomenon of increased transformer losses due to harmonic distortions is explained in 
IEEE C57.110 loading guide. Other applied guidelines for the understanding and 
estimating of reduced distribution transformer insulation life due to harmonics in this study 





The thesis also covered data-driven artificial intelligence models that are FL, ANN, and 
ANFIS to predict or forecast transformer loss of insulation life on a medium-term period. 
 
As part of this research study, "harmonics load" data was collected or recorded on a 
proposed transformer. A 1735 fluke power logger was used to record voltages and current 
distortions for 31 days. A single line schematic layout in Figure 3.1.3 of Chapter 3 shows 
the experimental setup for the data logging or recording session. From the recording 
session, load (A) and harmonic orders values were obtained and utilized for the estimation 
of transformer insulation remaining life. Another important utilized variable was the 
ambient temperature of a substation, which houses the transformer. 
 
Lastly, IEEE and IEC calculations and artificial intelligence simulations using MATLAB 
were performed to respectively estimate and forecast/predict the transformer insulation 




A transformer is designed to operate for 20 to 25 years under rated loading conditions and 
when the daily average ambient temperature is 30 (°C), and not exceeding a daily 
maximum of 40 (°C). Research studies have been conducted to study the effects of loading 
on the transformer insulation loss of life, and very few have focused on adding the effects 
of harmonic distortions on insulation degradation.  
 
Even though some studies have covered the estimation of transformer insulation loss of 
life under non-sinusoidal load conditions, the estimation is usually based data recorded 
only in 24-hours or one day. This approach can sometimes produce inaccurate estimation 
since loading conditions can fluctuate with time (medium or long-term period) including 
ambient temperature. An estimation or analysis of transformer insulation loss of life over 
a medium or long term period can produce a better understanding of whether a transformer 
is continuously experiencing overheating or not. This understanding can help put reliable 
preventative measures or solutions in place. That is why artificial intelligence forecasting 
models have been applied in this study to verify if they can be relied on when one needs 





In Appendix D, results obtained based on IEEE and IEC loading guides calculations show 
that the distribution transformer is experiencing excessive heating or loss of insulation life 
in most of its operational or service days. This finding indicates that the transformer is 
continuously experiencing over-heating. The transformer is operating with a hottest-spot 
temperature (Appendix D) beyond 110 (°C) regularly coupled with a high ambient 
temperature (Appendix C) is causing accelerated insulation ageing factor. Even though an 
estimation may reveal shortened transformer insulation life span, lack of preventative 
measures implementation may lead to a failure occurring sooner than what the calculations 
or modelling have revealed. This is mainly because most of the transformers have been in 
service operation for the long term and the insulation is not as intact as new. 
 
Figure 5.1 below shows a graph comparing IEEE and IEC insulation loss of life thermal 
model results with those based on AI models forecast. AI models were applied for an 8 
days forecast, and the entire 31 days transformer insulation loss of life estimation based 




Figure 5.2.1: Loss of insulation life results comparison graph. 
 
1 2 3 4 5 6 7 8
IEEE & IEC 0,0142 0,0145 0,0156 0,0155 0,0209 0,0270 0,0249 0,0220
FL 0,0144 0,0147 0,0151 0,0151 0,0190 0,0261 0,0224 0,0194
ANN 0,0142 0,0150 0,0155 0,0161 0,0172 0,0279 0,0227 0,0224






















The trend line of each AI model results shows that it follows that of results obtained with 
IEEE and IEC loading guides, and thereof this indicates that the models can be relied on 




In this chapter, the research findings of this study that contribute to solving of electrical 
distribution network-engineering problems have been discussed. The focus of this study 
was on estimating distribution transformer insulation failure under recorded harmonics 
loading conditions. Transformer failure does not necessarily mean the entire equipment or 
hardware failure, but rather the failure of insulation paper. Insulation paper is designed to 
withstand limited oil and windings heating temperatures, and if the heating rises above 
normal operational limits, accelerated degradation of insulation paper takes place. This 
study has proven that excessive ambient temperature (Appendix C), partially high loading 
(Appendix B), and high harmonic distortions (Appendix D) have a severe negative impact 
on the distribution transformer. Also, proven, is the reliability of applying artificial 
intelligence modelling techniques in predicting or forecasting of distribution insulation 
failure. This research study has been conducted at a hospital since these facilities are one 
of the highest harmonics polluted commercial environments due to a simultaneous high 
usage of non-linear loads.  
 
For an insulation to last its intended life span, the transformer loading and surrounding 
environmental conditions should be monitored on a regular basis. This is to ensure that the 
transformer continuously operates within its designed conditions. Environmental 
conditions beyong the required limits will have a negative impact on the power 
transformer’s long-term performance. Computational methods, which are ANN, FL and 
ANFIS, are necessary to forecast the variation of insulation loss of life to implement 
necessary safety measures in place. A large quantity of data should be utilized when 
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1 3 5 7 9 11 13 15 17 19 
1 1 0,330 0,162 0,0876 0,0028 0,0083 0,0040 0,0076 0,0015 0,0027 
2 1 0,337 0,163 0,0886 0,0030 0,0097 0,0049 0,0087 0,0018 0,0030 
3 1 0,340 0,165 0,0911 0,0038 0,0103 0,0052 0,0085 0,0019 0,0027 
4 1 0,339 0,164 0,0908 0,0040 0,0101 0,0049 0,0086 0,0017 0,0027 
5 1 0,341 0,165 0,0912 0,0036 0,0108 0,0057 0,0103 0,0021 0,0034 
6 1 0,339 0,162 0,0907 0,0033 0,0102 0,0057 0,0086 0,0021 0,0034 
7 1 0,339 0,157 0,0908 0,0032 0,0101 0,0054 0,0066 0,0019 0,0033 
8 1 0,340 0,164 0,0900 0,0033 0,0106 0,0058 0,0091 0,0024 0,0033 
9 1 0,340 0,166 0,0929 0,0033 0,0104 0,0058 0,0074 0,0025 0,0036 
10 1 0,331 0,167 0,0857 0,0022 0,0074 0,0041 0,0075 0,0021 0,0026 
11 1 0,330 0,171 0,0873 0,0024 0,0074 0,0043 0,0096 0,0023 0,0025 
12 1 0,331 0,168 0,0866 0,0026 0,0079 0,0038 0,0117 0,0018 0,0026 
13 1 0,331 0,168 0,0860 0,0028 0,0079 0,0038 0,0108 0,0016 0,0025 
14 1 0,330 0,172 0,0874 0,0027 0,0082 0,0040 0,0118 0,0018 0,0025 
15 1 0,331 0,171 0,0879 0,0026 0,0082 0,0043 0,0109 0,0019 0,0026 
16 1 0,331 0,166 0,0880 0,0023 0,0077 0,0038 0,0064 0,0015 0,0026 
17 1 0,329 0,176 0,0876 0,0028 0,0080 0,0038 0,0111 0,0017 0,0025 
18 1 0,329 0,171 0,0878 0,0030 0,0073 0,0034 0,0081 0,0014 0,0023 
19 1 0,336 0,169 0,0923 0,0031 0,0087 0,0046 0,0091 0,0018 0,0031 
20 1 0,340 0,162 0,0920 0,0033 0,0097 0,0058 0,0087 0,0022 0,0031 
21 1 0,331 0,150 0,0818 0,0019 0,0079 0,0049 0,0019 0,0021 0,0015 
22 1 0,331 0,149 0,0816 0,0018 0,0079 0,0046 0,0016 0,0018 0,0016 
23 1 0,331 0,151 0,0803 0,0019 0,0080 0,0047 0,0617 0,0019 0,0014 
24 1 0,331 0,151 0,0788 0,0016 0,0076 0,0056 0,0010 0,0025 0,0021 
25 1 0,331 0,156 0,0817 0,0022 0,0087 0,0049 0,0025 0,0023 0,0017 
26 1 0,332 0,168 0,0826 0,0029 0,0078 0,0036 0,0070 0,0014 0,0023 
27 1 0,332 0,173 0,0823 0,0031 0,0078 0,0038 0,0093 0,0016 0,0024 
28 1 0,332 0,169 0,0829 0,0027 0,0075 0,0037 0,0075 0,0013 0,0023 
29 1 0,335 0,177 0,0856 0,0032 0,0082 0,0043 0,0103 0,0018 0,0026 
30 1 0,343 0,181 0,0898 0,0045 0,0103 0,0052 0,0145 0,0022 0,0033 











𝑆𝑏𝑎𝑠𝑒 = √3  × 𝑉𝑏𝑎𝑠𝑒 × 𝐼𝑏𝑎𝑠𝑒 ×  𝑐𝑜𝑠𝜃 
𝑃𝑒𝑟 − 𝑢𝑛𝑖𝑡 𝑙𝑜𝑎𝑑 =  
𝑎𝑐𝑡𝑢𝑎𝑙 𝑙𝑜𝑎𝑑 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 (𝐴)
𝑏𝑎𝑠𝑒 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 (𝐴)
  



















1 0,782 0,792 0,769 0,781 
2 0,782 0,818 0,767 0,789 
3 0,831 0,821 0,792 0,815 
4 0,811 0,821 0,810 0,814 
5 0,797 0,799 0,789 0,795 
6 0,781 0,827 0,768 0,792 
7 0,783 0,806 0,764 0,784 
8 0,797 0,811 0,789 0,799 
9 0,810 0,819 0,806 0,812 
10 0,813 0,867 0,806 0,829 
11 0,791 0,806 0,778 0,792 
12 0,787 0,809 0,768 0,788 
13 0,795 0,854 0,786 0,812 
14 0,808 0,829 0,800 0,813 
15 0,805 0,811 0,804 0,807 
16 0,793 0,808 0,787 0,796 
17 0,773 0,800 0,773 0,782 
18 0,775 0,801 0,815 0,797 
19 0,821 0,782 0,802 0,802 
20 0,833 0,782 0,817 0,811 
21 0,827 0,807 0,807 0,814 
22 0,789 0,776 0,782 0,783 
23 0,794 0,765 0,779 0,779 
24 0,827 0,826 0,822 0,825 
25 0,840 0,797 0,822 0,820 
26 0,844 0,787 0,812 0,814 
27 0,831 0,787 0,779 0,799 
28 0,912 0,841 0,865 0,873 
29 0,924 0,866 0,894 0,895 
30 0,893 0,847 0,854 0,865 





APPENDIX C (a) 
 





1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 
0 30 30 30 29 29 30 31 30 28 28 28 29 31 27 28 30 
1 30 30 30 29 28 30 31 30 28 28 28 29 31 27 28 30 
2 29 29 29 28 27 29 30 29 27 27 27 28 30 28 28 29 
3 29 29 28 27 27 29 30 28 27 27 27 28 30 28 29 29 
4 28 28 27 27 26 28 29 28 26 26 26 27 28 28 29 28 
5 29 28 27 26 26 29 29 29 28 27 28 27 29 30 30 29 
6 32 31 30 28 28 31 31 32 28 29 29 29 31 32 31 29 
7 34 32 32 30 30 33 33 33 31 31 31 31 33 33 31 31 
8 36 34 33 31 32 35 34 34 33 33 33 33 34 33 32 33 
9 37 36 35 33 34 36 34 35 34 34 35 35 35 34 34 35 
10 38 38 36 35 35 37 35 36 36 36 37 37 36 36 35 36 
11 39 39 37 37 36 39 37 37 36 38 38 39 37 36 35 37 
12 40 40 38 38 37 40 38 38 37 38 39 39 38 38 37 38 
13 41 41 38 39 38 41 39 39 37 39 40 41 39 38 37 38 
14 41 41 39 39 38 42 41 41 38 41 41 40 40 40 38 40 
15 39 39 38 40 39 42 41 41 39 41 39 41 39 41 38 40 
16 39 38 37 37 39 41 39 40 37 38 38 39 37 39 38 38 
17 39 37 36 37 38 40 37 38 35 36 37 37 37 37 37 36 
18 38 36 36 36 37 38 35 36 34 36 36 35 36 35 35 33 
19 36 35 35 34 35 37 35 34 32 34 35 34 34 33 33 32 
20 34 33 34 33 32 36 34 33 31 33 33 32 32 31 30 31 
21 33 32 33 31 31 34 33 32 29 31 30 31 31 30 28 31 
22 31 31 32 30 29 32 32 30 28 29 29 30 29 30 27 30 















APPENDIX C (b) 
 





17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 
0 31 30 30 31 30 30 28 29 31 31 29 29 29 29 29 
1 31 29 30 31 30 30 28 29 31 30 29 29 29 29 29 
2 30 29 28 30 29 29 27 28 30 29 29 28 28 28 28 
3 30 28 29 30 28 29 27 27 30 29 28 28 27 28 28 
4 29 28 29 29 28 28 26 27 28 28 28 27 26 27 27 
5 29 29 28 29 29 28 27 28 29 29 30 28 27 28 28 
6 31 31 30 31 31 31 29 29 29 31 32 30 29 29 30 
7 33 32 32 33 33 33 30 31 32 33 34 32 31 30 32 
8 35 33 34 34 34 34 32 33 33 35 36 34 32 32 34 
9 36 34 35 35 35 35 34 34 35 36 37 35 34 34 34 
10 38 36 37 36 36 36 36 35 37 38 39 36 36 36 36 
11 38 38 38 37 38 37 37 37 38 40 40 38 37 38 37 
12 40 40 39 38 40 40 39 39 40 40 41 39 38 38 38 
13 40 40 40 39 41 41 39 41 41 42 41 38 37 38 37 
14 42 41 40 39 41 42 39 40 40 40 40 37 38 37 38 
15 42 40 38 38 40 40 38 39 39 39 38 36 36 37 36 
16 39 38 36 37 37 38 38 37 37 37 38 35 35 36 35 
17 37 36 35 35 35 36 36 35 36 36 37 34 34 34 34 
18 35 34 33 33 34 34 34 35 34 33 34 32 34 33 34 
19 32 33 32 32 32 32 30 34 32 31 32 31 32 31 32 
20 30 30 31 30 31 31 29 32 31 31 32 30 30 29 30 
21 29 29 30 30 30 30 29 31 31 30 29 29 29 29 29 
22 29 28 29 29 29 29 28 31 30 28 28 28 28 28 28 










































Loss of Life 
Percentage 
(%) 
1 1127 0,781 0,696 34,71 110,00 0,0136 
2 1138 0,789 0,717 34,08 110,03 0,0146 
3 1176 0,815 0,755 33,33 111,41 0,0164 
4 1174 0,814 0,760 31,36 110,78 0,0158 
5 1147 0,795 0,737 32,46 109,99 0,0147 
6 1143 0,792 0,700 33,64 110,58 0,0157 
7 1132 0,784 0,699 34,08 109,22 0,0132 
8 1153 0,799 0,737 33,83 111,05 0,0162 
9 1172 0,812 0,760 31,92 110,36 0,0150 
10 1196 0,829 0,789 32,83 111,34 0,0171 
11 1142 0,792 0,715 33,04 109,16 0,0137 
12 1137 0,788 0,715 33,33 110,22 0,0138 
13 1171 0,812 0,751 33,54 110,84 0,0155 
14 1173 0,813 0,752 33,04 110,76 0,0158 
15 1164 0,807 0,752 32,29 109,99 0,0143 
16 1149 0,796 0,733 33,04 109,45 0,0136 
17 1129 0,782 0,698 33,92 109,77 0,0145 
18 1150 0,797 0,733 33,08 109,77 0,0144 
19 1157 0,802 0,736 33,00 110,43 0,0149 
20 1170 0,811 0,755 33,08 111,06 0,0158 
21 1174 0,814 0,747 33,33 108,71 0,0128 
22 1129 0,783 0,693 33,42 106,48 0,0104 
23 1124 0,779 0,695 31,96 112,36 0,0188 
24 1191 0,825 0,785 32,96 109,72 0,0142 
25 1183 0,820 0,767 33,50 110,06 0,0145 
26 1175 0,814 0,751 33,50 110,46 0,0156 
27 1153 0,799 0,734 33,71 110,44 0,0155 
28 1259 0,873 0,867 32,13 113,75 0,0209 
29 1291 0,895 0,912 31,79 116,33 0,0270 
30 1248 0,865 0,857 31,92 115,49 0,0249 





































1 37,54 40,05 36,72 28,49 37,73 48,10 38,11 
2 35,54 39,00 36,13 26,55 36,38 47,74 36,89 
3 37,92 40,76 38,02 27,44 38,06 51,19 38,90 
4 37,05 39,71 37,41 27,61 37,45 49,11 38,06 
5 37,07 41,28 38,22 28,02 38,37 50,19 38,86 
6 35,39 39,00 36,81 25,85 36,73 48,62 37,07 
7 33,45 37,88 34,59 24,87 34,91 46,14 35,31 
8 36,32 40,75 37,32 27,41 37,53 49,45 38,13 
9 37,50 40,70 37,63 27,75 38,56 49,52 38,61 
10 39,13 41,58 36,61 30,46 38,97 47,89 39,11 
11 37,94 39,89 35,46 30,13 37,79 45,36 37,76 
12 35,01 38,74 35,10 27,45 36,28 45,13 36,28 
13 41,75 45,22 40,95 26,80 36,95 64,17 42,64 
14 37,84 40,11 36,74 29,56 37,99 47,14 38,23 
15 37,54 39,88 36,48 28,84 37,78 47,29 37,97 
16 35,37 37,99 34,21 27,63 35,83 44,10 35,86 
17 40,74 41,41 38,57 31,42 39,92 49,37 40,24 
18 38,78 38,36 35,88 28,84 37,41 46,76 37,67 
19 35,98 40,03 38,65 19,16 34,17 61,33 38,22 
20 40,92 40,38 38,47 12,03 39,42 68,32 39,92 
21 34,40 39,35 37,32 30,47 36,29 44,31 37,02 
22 33,57 38,65 36,78 29,83 35,58 43,59 36,33 
23 34,00 39,54 37,32 30,56 36,37 43,93 36,95 
24 34,17 39,25 37,17 30,62 36,22 43,75 36,86 
25 34,29 38,41 37,27 24,48 33,76 51,73 36,66 
26 36,78 39,78 36,55 29,68 36,62 46,82 37,70 
27 38,57 41,48 38,17 31,71 38,76 47,76 39,41 
28 37,15 39,56 36,41 30,19 37,16 45,77 37,71 
29 40,42 43,54 40,44 33,25 40,70 50,45 41,47 
30 40,31 43,12 39,51 30,64 39,72 52,58 40,98 












Data used for Modelling of Artificial Intelligence Techniques 
 






Load (p.u) Insulation Loss 
of Life (%) 
1 34,71 110,00 0,78 0,0136 
2 34,08 110,03 0,79 0,0146 
3 33,33 111,41 0,81 0,0164 
4 31,36 110,78 0,81 0,0158 
5 32,46 109,99 0,80 0,0147 
6 33,64 110,58 0,79 0,0157 
7 34,08 109,22 0,78 0,0132 
8 33,83 111,05 0,80 0,0162 
9 31,92 110,36 0,81 0,0150 
10 32,83 111,34 0,83 0,0171 
11 33,04 109,16 0,79 0,0137 
12 33,33 110,22 0,79 0,0138 
13 33,54 110,84 0,81 0,0155 
14 33,04 110,76 0,81 0,0158 
15 32,29 109,99 0,81 0,0143 
16 33,04 109,45 0,80 0,0136 
17 33,92 109,77 0,78 0,0145 
18 33,08 109,77 0,80 0,0144 
19 33,00 110,43 0,80 0,0149 
20 33,08 111,06 0,81 0,0158 
21 33,33 108,71 0,81 0,0128 
22 33,42 106,48 0,78 0,0104 
23 31,96 112,36 0,78 0,0188 
24 32,96 109,72 0,83 0,0142 
25 33,50 110,06 0,82 0,0145 
26 33,50 110,46 0,81 0,0156 
27 33,71 110,44 0,80 0,0155 
28 32,13 113,75 0,87 0,0209 
29 31,79 116,33 0,89 0,0270 
30 31,92 115,49 0,86 0,0249 












MATLAB CODES FOR MODELLING TRANSFORMER INSULATION OF LIFE 
 
Fuzzy Logic Matlab Code 
 
>> [Input] = xlsread('C:\Users\23827955\Desktop\DATA.xlsx','Sheet3','E3:G25'); 






>> [C,S] = subclust([Input Output],0.5); 
>> clf; 
>> plot(Input(:,1), Output(:,1), '.', C(:,1),C(:,4),'r*') 
>> plot(Input(:,2), Output(:,1), '.', C(:,2),C(:,4),'r*') 
>> plot(Input(:,3), Output(:,1), '.', C(:,3),C(:,4),'r*') 
>> myfis=genfis(Input,Output, ... 
genfisOptions('SubtractiveClustering','ClusterInfluenceRange',0.5)); 
>> myfis = setfis(myfis, 'input',1,'name','Ambient Temperature'); 
>> myfis = setfis(myfis, 'input',2,'name','Hottest Spot'); 
>> myfis = setfis(myfis, 'input',3,'name','Load'); 












Artificial Neural Network Matlab Code 
 
>> X = Input; 
>> T = Target; 
>> X = con2seq(X); 
>> T = con2seq(T); 
>> inputDelays = 1:2; 
>> feedbackDelays = 1:2; 
>> hiddenLayerSize = 10; 
>> net = narxnet(inputDelays,feedbackDelays,hiddenLayerSize); 
>> [Input,inputStates,layerStates,Target] = ... 
preparets(net,X,{},T); 
>> net.divideParam.trainRatio = 70/100; 
>> net.divideParam.valRatio = 15/100; 
>> net.divideParam.testRatio = 15/100; 
>> [net,tr] = train(net,Input,Target,inputStates,layerStates); 
>> view(net) 
>> [net,tr] = train(net,Input,Target,inputStates,layerStates); 
>> [net,tr] = train(net,Input,Target,inputStates,layerStates); 
>> [net,tr] = train(net,Input,Target,inputStates,layerStates); 
>> [net,tr] = train(net,Input,Target,inputStates,layerStates); 
>> [net,tr] = train(net,Input,Target,inputStates,layerStates); 
>> [net,tr] = train(net,Input,Target,inputStates,layerStates); 
>> netc = closeloop(net); 
>> netc = closeloop(net); 
>> view(netc) 
>> X = X(23:31); 
>> T = T(23:31); 
>> [p1,Pi1,Ai1,t1] = preparets(netc,X,{},T); 
>> yp1 = netc(p1,Pi1,Ai1); 















kVA 1000 1000 1000
HV Volts 11000 11000 11000 HV *
HV Amps 52,49 52,49 52,49 HV N *
LV Volts 400 400 400 LV *
LV Amps 1443,38 1443,38 1443,38 LV N *
TAP No 1 1 1
4 a  -  b b  -  c c  -  a A  -  B B  -  C C  -  A
0,001274 0,001275 0,001301 1,153 1,049 0,9846
I1 I2 I3
1 a-b-c 50 400 50,34 44,86 49,14 3066 3,33
I1 I2 I3
* * * * * * * *
1 50 699 52,49 52,49 52,49 12208 6,39
* * * * * * * *
TAP No CALC ACTUAL TAP No CALC ACTUAL TAP No CALC ACTUAL
1 47,63 47,51 13 * * 25 * *
2 * * 14 * * 26 * *
3 * * 15 * * 27 * *
4 * * 16 * * 28 * *
5 * * 17 * * 29 * *
6 * * 18 * * 30 * *
7 * * 19 * * 31 * *
8 * * 20 * *
9 * * 21 * *
10 * * 22 * *
11 * * 23 * *
12 * * 24 * *
1300 Meg Ohms 5.0 KV
Frequency Time HV Voltage LV Voltage 2080 Meg Ohms 2.5KV
(HZ) Seconds (KV) (KV) 2400 Meg Ohms 5.0KV
50 60 21 2,5 * Meg Ohms *
Frequency Time HV Induced LV Voltage
(HZ) Seconds (KV) (KV) Tested Date 2009/06/26




VECTOR OBTAINED WAS Dyn5 AND NOT





















No of Tapping Positions






CUSTOMER : TRANSFORMER FABRICATIONS.
Transformer Cooling
Tapping Steps
LHM JOB NO :
TRANSFORMER SERIAL No : MAKE
Oak Industries.
IMPEDANCE  %TRANSFORMER RATING (kVA) :
6,65
TERMINALS
a - b - c











HIGH VOLTAGE TESTS INSULATION TESTS




IRON AND LOAD LOSSES
NOT TO IEC 60076 -4 
Martiens.
COMMENTS
Testing only for Transformer Fabrications
F. van der Walt
K. van deventer.
INDUCED TESTS
